Cerebellar Structure Segmentation and Shape Analysis with Application to Cerebellar Ataxia by Yang, Zhen
Cerebellar Structure Segmentation and Shape
Analysis with Application to Cerebellar Ataxia
Zhen Yang
A dissertation submitted to the Johns Hopkins University
in conformity with the requirements for the Doctor of Philosophy
Baltimore, Maryland
October 2015
c○ Zhen Yang 2015, All rights reserved.
ii
Abstract
The cerebellum plays an important role in motor control and cognitive functions.
Cerebellar dysfunction can lead to a wide range of movement disorders. Despite the
significant impact on the lives of patients, the current standard of diagnosis, progno-
sis, and treatment for cerebellar disease is limited. Magnetic resonance (MR) imaging
based morphometric analysis of the cerebellum, which studies the brain structural
pattern associated with disease and functional decline, is of great interest and im-
portance. It sets the stage for developing disease-modifying therapies, monitoring
individual patient progress, and designing efficient therapeutic trials. Compared to
the cerebrum, morphometric analysis in the cerebellum has been limited. Automated
and accurate volumetric analysis techniques are lacking. Methods using MR based
morphometric biomarkers to predict disease type and functional decline have been
lacking or inconclusive. The work presented in this thesis is motivated by the need
for better cerebellar structure segmentation and effective structure-function correla-
tion and prediction methods in cerebellar disease.
The thesis makes four major contributions. First, we proposed an automated
method for segmenting cerebellar lobules from MR images. The proposed method
achieved better performance than two state-of-the-art segmentation methods when
validated on a cohort of 15 subjects including both healthy controls and patients with
various degrees of cerebellar atrophy. Second, we presented two highly-informative
shape representations to characterize cerebellar structures: a landmark shape repre-
sentation of the collection of cerebellar lobules and a level set based whole cerebellar
shape representation. Third, we developed an analysis pipeline to classify healthy
controls and different ataxia types and to visualize disease specific cerebellar atrophy
patterns based on the proposed shape representations and high-dimensional pattern
classification methods. The classification performance is evaluated on a cohort con-
sisting of healthy controls and different cerebellar ataxia types. The visualized cere-
bellar atrophy patterns are consistent with the regional volume decreases observed
in previous studies in cerebellar ataxia. Compared to existing analysis methods, the
proposed method provides intuitive and detailed visualization of the differences of
overall size and shape of the cerebellum, as well as that of individual lobules. Fourth
and the last, we developed and tested a similar analysis pipeline for functional score
prediction and function specific cerebellar atrophy pattern visualization.
The thesis was prepared under the direction of Dr. Jerry L. Prince.
ii
Acknowledgments
First and foremost, I would like to thank my adviser, Dr. Jerry L. Prince. Over the
past six years, he encouraged me with his passion, guided me with his insights, and
helped me through the struggles. He is the professor I have met that has the most
patience and thinks most for the student. He taught me how to be a researcher by his
own example and his influence on me is not only academic, but also on many other
aspects of life and career. It is my great fortune and honor to pursue my degree under
his supervision.
I would also like to thank Dr. Sarah H. Ying, who has great passion for ataxia
research and genuine care for ataxia patients. She helped my research with her insights
on the clinical side. And Dr. Bruno M. Jedynak for his expertise in statistics and
machine learning.
I would like to thank my committee members: Dr. Jerry L. Prince, Dr. Trac.
D. Tran, Dr. Mounya Elhilali for their time and effort. Especially Dr. Tran, who
has been my course instructor, department qualification exam committee member,
proposal committee member, and now defense committee member.
I would like to thank all the current and former members of the brain group—
Dr. John Bogovic, Dr. Min Chen, Dr. Chuyang Ye, Mr. Amod Jog, Mr. Murat
Bilgel, Dr. Snehashis Roy, Dr. Navid Shiee, Ms. Ezgi Ergun, Dr. Blake Lucas, Mr.
Mazy Abulnaga for their collaboration, help and suggestions; Dr. Xiaodong Tao, Dr.
Duygu Tosun and Dr. Maryam E. Rettmann, for their inspiring works and writings.
I would like to thank all other members of the Image Analysis and Communication
Lab—Mr. Fangxu Xing, Mr. Andrew Lang, Dr. Bhavna Antony, Dr. David A.
Gomez, Dr. Xiaofeng Liu, Dr. Sahar Soleimanifard, Ms. Maria Ayad, Dr. Harsh
Agarwal, Dr. Nathanael Kuo for their friendship that has made my graduate study so
enjoyable. I would especially like to thank Mr. Aaron Carass, without whom the lab
cannot function properly even for a single day, for all his help on everything I do in
the lab; and Laura Granite for managing the logistics, for her kindness and patience.
I owe heartfelt thanks to my family back home, for all that they have done for me.
iii
Over the years, they are always there to cheer for my achievements and cushion my
falls, without complaining the very short days I could spend with them. My grandpa





1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Anatomy and function of the cerebellum . . . . . . . . . . . . . . . . 2
1.3 Cerebellar ataxia . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.4 Brain morphometric analysis review . . . . . . . . . . . . . . . . . . . 5
1.5 Thesis contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
1.6 Thesis organization . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
2 Cerebellar Lobule Segmentation 11
2.1 Related works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.2 Atlases and image preprocessing . . . . . . . . . . . . . . . . . . . . . 13
2.3 Graph cut segmentation framework . . . . . . . . . . . . . . . . . . . 14
2.3.1 Lobule region term . . . . . . . . . . . . . . . . . . . . . . . . 15
2.3.2 Cerebellum region term . . . . . . . . . . . . . . . . . . . . . 17
2.3.3 Boundary term . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.3.4 Energy Minimization . . . . . . . . . . . . . . . . . . . . . . . 20
2.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.4.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.4.2 Accuracy evaluation . . . . . . . . . . . . . . . . . . . . . . . 22
2.4.3 Volumetric analysis in SCA . . . . . . . . . . . . . . . . . . . 27
2.4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
2.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
v
3 Cerebellar Shape Representation 31
3.1 Statistical shape analysis . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.1.1 Literature review . . . . . . . . . . . . . . . . . . . . . . . . . 32
3.1.2 Landmark based SSM . . . . . . . . . . . . . . . . . . . . . . 34
3.1.3 Level set based SSM . . . . . . . . . . . . . . . . . . . . . . . 36
3.2 Cerebellar lobule landmark representation . . . . . . . . . . . . . . . 38
3.3 Whole cerebellum level set representation . . . . . . . . . . . . . . . . 40
3.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
4 Disease classification and atrophy pattern visualization 48
4.1 High-dimensional classification . . . . . . . . . . . . . . . . . . . . . . 49
4.1.1 Classification . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
4.1.2 The curse of dimensionality . . . . . . . . . . . . . . . . . . . 51
4.1.3 Dimension reduction . . . . . . . . . . . . . . . . . . . . . . . 52
4.2 Cerebellar ataxia classification . . . . . . . . . . . . . . . . . . . . . . 53
4.3 Disease specific atrophy pattern visualization . . . . . . . . . . . . . . 54
4.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.4.1 Diagnosis group classification . . . . . . . . . . . . . . . . . . 56
4.4.2 Disease specific atrophy pattern visualization . . . . . . . . . . 59
4.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
5 Functional score regression and atrophy pattern visualization 64
5.1 Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
5.2 Functional score prediction . . . . . . . . . . . . . . . . . . . . . . . . 65
5.3 Function specific atrophy pattern visualization . . . . . . . . . . . . . 66
5.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
5.4.1 Functional score prediction . . . . . . . . . . . . . . . . . . . . 67
5.4.2 Function specific atrophy pattern visualization . . . . . . . . . 69
5.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
vi
6 Conclusion and future work 72
6.1 Cerebellar Lobule Segmentation . . . . . . . . . . . . . . . . . . . . . 72
6.1.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
6.1.2 Future directions . . . . . . . . . . . . . . . . . . . . . . . . . 73
6.2 Cerebellar shape representations . . . . . . . . . . . . . . . . . . . . . 73
6.2.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
6.2.2 Future directions . . . . . . . . . . . . . . . . . . . . . . . . . 74
6.3 Disease classification and atrophy pattern visualization . . . . . . . . 75
6.3.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
6.3.2 Future directions . . . . . . . . . . . . . . . . . . . . . . . . . 76
6.4 Functional score regression and atrophy pattern visualization . . . . . 76
6.4.1 Future directions . . . . . . . . . . . . . . . . . . . . . . . . . 77
6.5 Overall perspective . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
vii
List of Figures
1.1 Example coronal sections of the cerebellum from HC and three ataxia
types. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 The cerebellum. (a) Location of the cerebellum; (b) Gross anatomy of
the cerebellum. Image courtesy of James Knierim Neuroscience Online
Section 3 Chapter 5: Cerebellum (http://neuroscience.uth.tmc.edu/s3/chapter05.html). 3
1.3 Annotated examples of the cerebellar lobules in three different views.
The top and bottom rows are MR images overlaid with expert delin-
eated lobules from a healthy control and an ataxia patient, respectively. 4
1.4 Surface rendering of cerebellar lobules and lobes. (a) Anterior view;
(b) Posterior view. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.1 Diagram of the proposed algorithm. . . . . . . . . . . . . . . . . . . . 15
2.2 Example training and prediction result of the boundary classifier. (a) Pre-
processed MR image of a subject used for training. (b) Voxel class
overlaid with the image in (a), where yellow indicates boundary vox-
els, blue indicates lobule voxels and otherwise non-cerebellar voxels.
(c) Preprocessed MR image of a test subject. (d) Boundary probabil-
ity output from the random forest classifier overlaid with the image in
(c). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
2.3 Box plots of Dice similarity coefficient comparing ACCLAIM, NL-
STAPLE, and the proposed method. . . . . . . . . . . . . . . . . . . 24
viii
2.4 Example lobule segmentation results. Each column contains the pre-
processed MR image (coronal slice), the segmentation results and the
expert delineation of a subject. From the top to the bottom row are in
turn the preprocessed MR images, the segmentation results obtained
by ACCLAIM, NL-STAPLE, the proposed method, and the expert
delineations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
2.5 Box plots of relative lobe volumes for healthy controls and three SCA
subtypes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
2.6 Box plots of relative lobule volumes for healthy controls and three SCA
subtypes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.1 From MR image to lobule meshes: a) MR image of the cerebellum;
b) Lobule segmentation; c) Triangular meshes of all lobules; d) Vertices
of the lobule meshes. . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.2 Two-step non-rigid point set registration: a) Template point set and
subject point set before non-rigid registration; b) after whole cerebel-
lum non-rigid registration; c) after individual lobule non-rigid registra-
tion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
3.3 From MR image to level set shape representation. (a) MR image (coro-
nal slice); (b) Cerebellar GM and WM region obtained from FreeSurfer
processing; (c) Truncated signed distance function (TSDF) of the whole
cerebellum. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.4 Cerebellar lobule shapes of five representative healthy controls. The
top row is the anterior view and the bottom row the posterior view. . 43
3.5 Whole cerebellum shapes of five representative healthy controls (the
same five subjects as in Figure 3.4). The top row is the anterior view
and the bottom row is the posterior view. . . . . . . . . . . . . . . . 44
3.6 Cerebellar lobule shapes of five representative SCA6 subjects. The top
row is the anterior view and the bottom row is the posterior view. . . 44
ix
3.7 Whole cerebellum shapes of five representative SCA6 subjects (the
same five subjects as in Figure 3.6). The top row is the anterior view
and the bottom row the posterior view. . . . . . . . . . . . . . . . . . 44
3.8 The first mode of variation of the whole population. The top row is
the anterior view and the bottom row is the posterior view. . . . . . . 45
3.9 The first mode of variation of the whole population. The top row is
the anterior view and the bottom row is the posterior view. . . . . . . 45
3.10 The second mode of variation of the whole population. The top row is
the anterior view and the bottom row is the posterior view. . . . . . . 45
3.11 The second mode of variation of the whole population. The top row is
the anterior view and the bottom row is the posterior view. . . . . . . 46
3.12 The first mode of variation of the healthy control group. The top row
is the anterior view and the bottom row is the posterior view. . . . . 46
3.13 Cerebellar shape variation along the first principal direction of healthy
control group. The top row is the anterior view and the bottom row is
the posterior view. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
3.14 The first mode of variation of SCA6 group. The top row is the anterior
view and the bottom row is the posterior view. . . . . . . . . . . . . . 47
3.15 The first mode of variation of SCA6 group. The top row is the anterior
view and the bottom row is the posterior view. . . . . . . . . . . . . . 47
4.1 Illustration of the discriminant line and sampled shapes in the first two
dimensions of the dimension-reduced space. . . . . . . . . . . . . . . . 56
4.2 Cerebellar lobule shape changes from healthy controls to four different
ataxia types viewing from the front of the cerebellum. Each column
shows in order one of the five equidistant points sampled on the dis-
criminant line, with the first column being the projection of the HC
mean and the third column being the projection of the mean of a ataxia
type. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
x
4.3 Cerebellar lobule shape changes from healthy controls to four different
ataxia types viewing from the front of the cerebellum. Each column
shows in order one of the five equidistant points sampled on the dis-
criminant line, with the first column being the projection of the HC
mean and the third column being the projection of the mean of a ataxia
type. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
4.4 Cerebellar lobule shape changes from healthy controls to four different
ataxia types viewing from the back of the cerebellum. Each column
shows in order one of the five equidistant points sampled on the dis-
criminant line, with the first column being the projection of the HC
mean and the third column being the projection of the mean of a ataxia
type. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
4.5 Cerebellar lobule shape changes from healthy controls to four different
ataxia types viewing from the back of the cerebellum. Each column
shows in order one of the five equidistant points sampled on the dis-
criminant line, with the first column being the projection of the HC
mean and the third column being the projection of the mean of a ataxia
type. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
5.1 Predicted FSFA vs. true FSFA in the leave-one-out experiment for
the combination of landmark shape representation, PCA dimension
reduction and ridge regression. . . . . . . . . . . . . . . . . . . . . . . 69
5.2 Cerebellar atrophy pattern associated with FSFA score. . . . . . . . . 70
5.3 Cerebellar atrophy pattern associated with Hooper test score. . . . . 71
xi
List of Tables
2.1 Demographic information on both the set of 15 subjects with expert
delineation and the set of 77 subjects without expert delineation. Key:
𝑁 is the number of subjects; m/f is the male/female ratio; Age is
the mean age; SD is the standard deviation of the age; healthy con-
trols (HC); people who have symptoms of cerebellar dysfunction but
no genetic diagnosis (CB); spinocerebellar ataxia type 2 (SCA2), type
3 (SCA3), and type 6 (SCA6). . . . . . . . . . . . . . . . . . . . . . . 22
2.2 The average volume weighted dice similarity coefficient (ADSC) for
each subject in the leave-one-out experiment, grouped by diagnosis.
See Table 2.1 for a key of the diagnoses. . . . . . . . . . . . . . . . . 25
3.1 Demographic information of the 123 subjects being studied. Key: 𝑁
number of subjects; m/f is the male/female ratio; Age is the mean
age; SD is the standard deviation of the age; healthy controls (HC);
spinocerebellar ataxia type 2 (SCA2), type 3 (SCA3), type 6 (SCA6)
and type 8 (SCA8); ataxia-telangiectasia (AT). . . . . . . . . . . . . . 41
4.1 Demographic information of the 123 subjects being studied. Key: 𝑁
number of subjects; m/f is the male/female ratio; Age is the mean
age; SD is the standard deviation of the age; healthy controls (HC);
spinocerebellar ataxia type 2 (SCA2), type 3 (SCA3), type 6 (SCA6)
and type 8 (SCA8); ataxia-telangiectasia (AT). . . . . . . . . . . . . . 57
4.2 Leave-one-out classification successful rate. . . . . . . . . . . . . . . . 58
4.3 Example confusion matrix. . . . . . . . . . . . . . . . . . . . . . . . . 58
xii
5.1 Demographic information of the 122 subjects used in the study. Key:
𝑁 number of subjects; m/f is the male/female ratio; Age is the mean
age; SD is the standard deviation of the age. . . . . . . . . . . . . . . 68
5.2 FSFA root mean square prediction error (RMSE) of the leave-one-out
experiments. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
5.3 Demographic information of the 65 subjects used in the study. Key:
𝑁 number of subjects; m/f is the male/female ratio; Age is the mean





The cerebellum plays an important role in motor control [1,2] and is also involved in
regulation of cognition and emotion [3, 4]. Cerebellar dysfunction can lead to a wide
range of movement disorders including a lack of coordination, reduced manual dex-
terity, postural instability, and gait disturbances [5]. Despite the significant impact
on the lives of patients, the current standard of diagnosis, prognosis, and treatment is
inadequate [6,7]. Magnetic resonance (MR) imaging provides the potential to improve
our understanding of cerebellar neurodegeneration by revealing structural changes in
the cerebellum. Figure 1.1 shows example coronal sections of the cerebellum from a
healthy control and subjects with spinocerebellar ataxia type 2 (SCA2), spinocerebel-
lar ataxia type 6 (SCA6), and ataxia-telangiectasia (AT). We can see that all of the
three ataxia types show cerebellar atrophy relative to the healthy control. However,
SCA2 shows significant atrophy of the corpus medullare (central white matter of the
cerebellum and the deep cerebellar nuclei) while SCA6 shows more atrophy in the
posterior-inferior regions of the cerebellum. It is of great interest to study the cere-
bellar structural pattern associated with specific disease type and functional decline,
and to quantify the correlation between cerebellar structural change with functional
decline. On the scientific side, it helps researchers further understand the localized
function map of the cerebellum. On the clinical side, it sets the stage for developing
1
disease-modifying therapies, monitoring individual patient progress, and designing
efficient therapeutic trials.
Healthy control SCA2 SCA6 AT
Figure 1.1: Example coronal sections of the cerebellum from HC and three ataxia
types.
MR image based brain morphometric analysis has been successfully established as
a tool for the differential diagnosis and for disease progression prediction of Alzheimer’s
disease [8–10], Huntington’s disease [11–13], and several other neurodegenerative dis-
eases, with most of the studies done on cerebrum structures. Compared to the cere-
brum, literature on the morphometric analysis in the cerebellum is much more limited
due to the relatively smaller population affected.
In this work, we focus on morphometric analysis of the cerebellum in cerebel-
lar ataxia, with special focus on: 1) developing an automated and accurate method
for segmenting fine anatomical divisions of the cerebellum; 2) exploring highly in-
formative representation of the cerebellar structures; 3) predicting ataxia types and
functional declines based on the highly informative representations, and 4) identifying
disease and function specific cerebellar atrophy patterns.
1.2 Anatomy and function of the cerebellum
The cerebellum is located at the back of the brain, below the posterior part of the
cerebrum and behind the top part of the brain stem (see Figure 1.2(a)). The cere-
bellum is divided into two hemispheres connected by a narrow midline zone (see
Figure 1.2(b)). The cerebellum consists of a tightly folded layer of gray matter cor-
tex and a central mass of white matter, called the corpus medullare. Fissures divide
the cortex into small branches called lobules, numbered from I to X [14]. The most
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prominent fissures define the boundaries of the lobes of the cerebellum. Lobules I–V
form the anterior lobe, VI–VII form the middle lobe, and VIII–X form the caudal
lobe. Figure 1.3 shows MR image of the cerebellum and manually labeled regions
with their names overlaid on MR images. Figure 1.4 shows a surface rendering of the











Figure 1.2: The cerebellum. (a) Location of the cerebellum; (b) Gross anatomy of the
cerebellum. Image courtesy of James Knierim Neuroscience Online Section 3 Chapter
5: Cerebellum (http://neuroscience.uth.tmc.edu/s3/chapter05.html).
The cerebellum is most understood in terms of its contributions to motor control,
including maintenance of balance and posture, coordination of voluntary movements,
and motor learning. It is also involved in certain cognitive functions, such as language
and emotion regularization. The cerebellar motor and cognitive functions are topo-
graphically organized, as revealed by functional magnetic resonance imaging (fMRI)
studies [15–20]. These studies suggest that the anterior lobe and intermediate parts
of posterior lobe are related to motor and somatosensory functions, whereas the lat-
eral posterior cerebellum is related to cognitive functions. Whether similar regional
























Figure 1.3: Annotated examples of the cerebellar lobules in three different views. The
top and bottom rows are MR images overlaid with expert delineated lobules from a
healthy control and an ataxia patient, respectively.
1.3 Cerebellar ataxia
Ataxia typically refers to the lack of coordinated movements. It describes symptoms
without reference to specific diseases. Cerebellar ataxia is a form of ataxia originating
in the cerebellum [6,7]. Cerebellar ataxia can occur as a result of many diseases and
has symptoms of an inability to coordinate balance, gait, and eye movements. The
cause of cerebellar ataxia can be: 1) inherited, which means they are caused by a



























Figure 1.4: Surface rendering of cerebellar lobules and lobes. (a) Anterior view;
(b) Posterior view.
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e.g., from injury, diseases and toxic; 3) idiopathic, e.g., cerebellar form of multiple
system atrophy.
The diagnostic approaches to cerebellar ataxia include checking medical history,
family history of neurological problems, neurological examinations, blood tests to rule
out other diseases and toxins, MR scan of the brain, and other tests [21]. Genetic
blood tests are available for some types of hereditary ataxia to determine if some-
one has inherited an ataxia gene that affected other family members. For clinical
assessment of the severity of ataxia, the International Cooperative Ataxia Rating
Scale (ICARS) [22] and the Scale for the Assessment of Ataxia (SARA) [23] have
been validated.
Although scientific and clinical studies on cerebellar ataxia have made significant
progress, the research has not yet led to new effective therapies. Etiological treatment
approaches are available only for some rare forms of ataxia with known biochemical
defects. For most other types of hereditary and non-hereditary ataxia, only supportive
treatment is possible.
The major disease types being studied in this work are spinocerebellar ataxia (SCA).
SCA is a progressive, degenerative, genetic disease with multiple types, each of which
could be considered a disease in its own right. An estimated 150,000 people in the
United States are diagnosed with SCA. There is no known effective treatment or cure.
Since SCA has multiple genetic versions, each with a characteristic pattern of anatom-
ical degeneration that yields distinctive motor and cognitive problems, it provides a
rich source to study the relationships between cerebellar structure and function.
1.4 Brain morphometric analysis review
Region of interest (ROI) volumetric analysis has been traditionally used to investi-
gate the structural changes of the brain and is still now one of the most intuitive
and reliable methods for structural analysis [8,24–36]. In ROI volumetric analysis, a
number of well-defined ROIs are delineated, and the volumes of these ROIs are sta-
tistically analyzed. Manual ROI delineation remains the gold standard, but it is very
5
time-consuming and requires specialized anatomical expertise and training to ensure
accuracy and to prevent rater-dependent bias. These limitations might be overcome
by automated methods to identify ROIs [37–39]. Another limitation of ROI-based
analysis is that the ROI must be defined in advance, while in practice it is often the
case that the regions affected by the disease are not known. Moreover, the disease
might affect only part of a well-characterized anatomical region.
Voxel-based morphometry (VBM) gained popularity in the last two decades [9,
40–50]. VBM methods are based on a spatial transformation that map the sub-
ject images into a standard space, followed by a voxel-wise statistical analysis of the
spatial distribution of different tissue types [40, 45], of the properties of the spatial
transformation itself [51,52], or of combined measurements of the residual image and
the spatial transformation [43]. VBM can identify regions in which two groups differ
(e.g., patients and healthy controls) or regions in which other variables (e.g., age, gen-
der, disease severity) correlate with image based measurements. Compared with ROI
volumetric analysis, VBM avoids pre-defining and delineating of ROIs and provide
more localized morphometric information. However, VBM depends on the artificial
deformation field between two subjects obtained by the registration algorithm, differ-
ent registration algorithms give different results. Also, the amount of smoothing used
to compensate for the registration error and increase statistical power of the analysis
also affects the result. Both ROI volumetry and VBM employ mass univariate anal-
ysis. They have limited ability in identifying complex population differences because
they do not take into account the multivariate relationships in the data [53]. Regions
showing significant group difference are not necessarily good discriminatory factors
at the individual level in prediction tasks.
With the development of machine learning algorithms capable of dealing with
high-dimensional data, pattern classification methods have been recently proposed
for morphological analysis [10,54–62]. These methods typically take as input features
the voxel-wise measurement as that used in VBM. They aim to capture multivariate
relationships in the data and can achieve high classification accuracy on individual
subjects. A challenge for these methods is that the training samples in medical
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research are often insufficient compared to the high dimensionality of the data, di-
mension reduction like principal component analysis (PCA) [63–65], and nonlinear
manifold learning [66–70] is carried out before any analysis. Then machine learning
algorithms like linear discriminant analysis (LDA) [71], logistic regression [72, 73],
support vector machine (SVM) [74], decision trees [75, 76], and ensemble learning
methods [77, 78] are used to perform classification (e.g., predict disease type) or re-
gression tasks (predict functional loss).
Statistical shape analysis also plays an important role in brain morphological anal-
ysis [79–95], where geometric outline of the anatomical structure is encoded in a vector
and statistical learning methods are designed to study the population distribution in
high-dimensional shape space. A very widely used representation is that of homol-
ogous landmarks located on the boundary (a closed contour in 2D case and closed
surface in 3D case) of the object. Since shape representations try to capture all the
geometrical information that remains after removing location, scale, and rotational
effects [96], they provide more morphological information than local volume changes
as in ROI and VBM analysis. For example, VBM cannot reflect the bending of an
elongated shape. Since shape representation form a linear space, it can synthesize
and visualize plausible instances in shape space. One challenge in applying shape
analysis to the brain is to establish corresponding geometry across subjects in a pop-
ulation, which is difficult due to the complex geometry of anatomical structures and
the large inter-subject variability. Current shape analysis methods are often applied
to structures with simple geometry, e.g., brain sub-cortical structures.
Compared to the cerebrum, literature on the morphometric analysis in the cerebel-
lum is much more limited due to the relatively smaller population affected. ROI volu-
metric analysis have been applied [31,33,97–104], but they were only performed with
low numbers of affected individuals or evaluated on gross anatomical divisions (due
to the lack of accurate volumetric analysis techniques for finer ROIs). VBM analysis
have been applied [105–109], but methods using MR based morphometric biomarkers
to predict clinical dysfunction or disease progression have been lacking or inconclusive.
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1.5 Thesis contributions
The major contributions of this thesis are summarized as follows:
1. We propose an automated method for segmenting cerebellar lobules from MR
images (see Chapter 2). There are few works on segmenting fine sub-structures
of the cerebellum, especially ones validated on both healthy and diseased sub-
jects. The method described in this thesis combines multi-atlas label fusion
result and tissue/boundary classification in a graph cut segmentation frame-
work. The multi-atlas component ensures the correct localization of different
lobules, and tissue/boundary classification promotes accurate delineation of lob-
ule boundaries. The proposed method is assessed on a cohort of 15 subjects,
including both healthy controls and patients with various degrees of cerebel-
lar atrophy, for which expert manual labels are also available. The method
was further validated on a larger cohort containing both normal controls and
patients experiencing cerebellar ataxia. Quantitative analysis of the lobule vol-
umes show distinct patterns of volume changes associated with different SCA
subtypes consistent with known patterns of atrophy in these genetic subtypes.
2. We propose two shape representations to characterize cerebellar structures (see
Chapter 3). First, we propose a landmark shape representation of the collection
of cerebellar lobules. This highly informative feature representation of the cere-
bellar structure is constructed by extracting dense homologous landmarks on
the boundary surfaces of cerebellar sub-structures. We addressed the difficulty
in establishing dense corresponding points on multiple 3D objects across sub-
jects by a two-step non-rigid point set registration. Second, we propose a level
set based shape representation. This representation is easy to generate (only
a cerebellar tissue segmentation is needed, followed by a signed distance trans-
form) and unique (no artificial non-rigid alignment involved as in VBM and
landmark shape representation). We demonstrated the representational power
of the proposed shape representations by studying the shape variations of dif-
ferent populations. We also compared the proposed shape representations with
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existing morphometric measures like ROI volumes and RAVENS maps in dis-
ease classification and functional score regression to evaluate their discriminant
power (see Chapters 4 and 5).
3. We present a shape analysis pipeline to classify healthy controls and differ-
ent ataxia types and to visualize the characteristic cerebellar atrophy patterns
for different ataxia types. Linear dimension reduction is applied to reduce the
high-dimensional shape representation to a low-dimensional feature vector. A
classifier is built in the dimension-reduced space to predict disease types. Char-
acteristic atrophy pattern for an ataxia type is visualized by sampling along the
discriminant direction between healthy controls and the ataxia type. Experi-
mental results show that the proposed method can successfully classify healthy
controls and different ataxia types. The visualized cerebellar atrophy patterns
were consistent with the regional volume decreases observed in previous stud-
ies in cerebellar ataxia. Compared to existing analysis method, the proposed
method provides an intuitive and detailed understanding about changes of over-
all size and shape of the cerebellum as well as that of individual lobules.
4. We present a shape analysis pipeline to predict functional scores and to visualize
the function specific atrophy patterns. Similar to discriminant analysis, linear
dimension reduction is applied to generate a low-dimensional feature vector. A
regressor is built in the dimension-reduced space to predict functional scores.
Functional specific atrophy patterns are visualized by sampling along the re-
gression line. The visualized function specific atrophy patterns partially agree
with a previous study on the topological organization of cerebellar functions.
We note that parts of this thesis have been previously published or submitted as
conference and journal papers [110–112].
1.6 Thesis organization
The remainder of the thesis is organized as follows:
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In Chapter 2, we review the literature on cerebellar structure segmentation and
describe the proposed automated cerebellar lobule segmentation method. We tested
the method on 15 subjects with expert labels and compared the performance with
two state-of-the-art segmentation methods. We further validated the method on a
larger cohort containing both normal controls and patients experiencing cerebellar
ataxia.
In Chapter 3, we first review the background on shape modeling and then present
two shape representations to characterize cerebellar structures: a landmark shape
representation of the collection of cerebellar lobules and a level set based whole cere-
bellar shape representation. We study the cerebellar shape variations of different
populations using the two shape representations.
In Chapter 4, we present the shape analysis pipeline to classify healthy controls
and different ataxia types, and to visualize the characteristic cerebellar atrophy pat-
tern. We tested the classifer on a data set with healthy controls, four spinocerebellar
ataxia subtypes and ataxia-telangiectasia, and compared the performance of different
cerebellar structural representations. We also compared the visualized cerebellar atro-
phy patterns with regional volume decreases observed in previous studies in cerebellar
ataxia.
In Chapter 5, we present a shape analysis pipeline to predict functional scores and
to visualize the function specific atrophy patterns. We tested the classifer on a data set
with healthy controls, four spinocerebellar ataxia subtypes and ataxia-telangiectasia,
and compared the performance of different cerebellar structural representations. We
also compared the visualized function specific atrophy patterns with previous studies
on the topological organization of cerebellar functions.





In this chapter, we present a new method for segmenting and labeling the cerebellar
lobules from MR images. Pronounced regional cerebellar atrophy is known to occur in
the spinocerebellar ataxias (SCAs) [97,101,104], while more subtle regional cerebellar
atrophy has been observed in several other neurological diseases such as Parkinson’s
disease [113,114], Huntington’s disease [115,116], Alzheimer’s disease [117], and mul-
tiple sclerosis [118]. Accurate delineation of the cerebellum as a whole as well as
further parcellation into lobes and lobules can be used to better understand cere-
bellar structural change and to diagnose and monitor disease. The purpose of the
proposed method in this thesis is two-fold. First, it will be used for ROI volumetric
analysis in differentiating different SCA types in Section 2.4.3; Second, it will be used
for constructing a highly informative structural representation of the cerebellum in
Chapter 3.
The remainder of this chapter is organized as follows: in Section 2.1, we review the
literature on cerebellar structure segmentation and bring forward the idea behind the
proposed algorithm; in Section 2.3, we describe the proposed automated cerebellar
lobule segmentation method; in Section 2.4.2, we describe our testing of the method
on 15 subjects with expert labels and we show a comparison of the performance
with two state-of-the-art segmentation methods; in Section 2.4.3, we show results of




Although the cerebellum has a fairly regular structure [14]—known, in particular,
to be less variable than the cerebrum [119]—it nevertheless remains challenging for
both manual raters and automatic algorithms to consistently and reliably label the
parts of the cerebellum from magnetic resonance (MR) images. For example, experts
(requiring thousands of hours of training), take 50–60 hours to label the whole cere-
bellum, its lobes, and its lobules [120]. Although time and cost can both be reduced
by using multiple inexpert raters [120], the time and effort still remains considerable,
and consistency of the results across different sets of raters may be poor.
Various automated methods such as FreeSurfer [121], TOADS [122], and oth-
ers [123] provide a cerebellum segmentation result as part of their whole-brain seg-
mentation method. These methods typically provide a whole cerebellum segmentation
and also segment its gray matter (GM) and white matter (WM). Several specialized
methods for segmenting just the cerebellum itself have also been developed; one
method uses atlas registration and local image descriptors [124] and another uses an
active contour model with a shape prior [125].
For a parcellation of the cerebellum into lobes and lobules, atlas based methods are
typically used. In these methods one or more atlas brains are registered to the subject
to be segmented and the atlas labels are transferred to the subject brain. Diedrich-
sen et al. (2006) [126] developed a spatially unbiased atlas template of the human
cerebellum (SUIT) and later revised it with a probabilistic atlas [127]. Multi-atlas
methods reduce the bias towards a specific atlas, and have been shown to be effective
when combined with various label fusion strategies [128–130]. However, the accuracy
of multi-atlas methods are limited by the quality of the registration result, which
is in turn affected by the difference in cerebellar geometry of the atlas and subject.
Cerebellar parcellation of subjects with extreme atrophy can therefore be expected to
be poor when using these approaches, which is undesirable for quantitative analysis
of group structural differences or studying structural-functional correlations. Various
label fusion strategies have been proposed to solve these problems in different seg-
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mentation tasks [131–134] including segmenting cerebellar sub-structures [135]. There
has been few studies containing both healthy controls and patients with cerebellar
atrophy. Bogovic et al. proposed ACCLAIM (Automatic Classification of Cerebel-
lar Lobules Algorithm using Implicit Multi-boundary evolution) [136], which used a
multi-object geometry deformable model driven by random forest boundary classifi-
cation. The method demonstrated superior performance in comparison to the SUIT
atlas-based labeling method and a multi-atlas label fusion approach [128], and was
shown to perform well on both healthy controls and cerebellar ataxia patients.
The new method described here combines multi-atlas label fusion result and tis-
sue/boundary classification in a graph cut segmentation framework. In particular, the
multi-atlas and tissue classification results together determine the region terms in the
graph cut energy function while the boundary classifier determines a boundary term
in the energy function. The multi-atlas component ensures the correct localization of
different lobules, and tissue/boundary classification promotes accurate delineation of
lobule boundaries.
2.2 Atlases and image preprocessing
The method use a set of subjects as atlases (or training subjects). This set of sub-
jects was manually delineated by an expert with over 5000 hours of training using
the protocol described in Bogovic et al. (2013) [120]. The MR images of both the
atlas subjects and the subject to be segmented are preprocessed using FreeSurfer
version 5.3.0 [121]. As part of this procedure, each MR scan is transformed into
MNI (Montreal Neurological Institute) space [137, 138] and a skull-stripped and in-
tensity normalized image 𝐼𝑠 is generated along with an initial tissue classification
of the cerebellum into gray matter (GM) and white matter (WM). 𝐼𝑠 is cropped to
contain only the cerebellum, and the cropped image 𝐼 was used in all subsequent
processing. For the atlas subjects with manually delineated labels, the labels are
transformed from the native image space into the same space as the preprocessed
images so that the images and their corresponding manual labels are aligned.
13
2.3 Graph cut segmentation framework
Let x ∈ Ω be a voxel location in a set of discrete voxel locations Ω in the image domain.
An image segmentation is a label assignment 𝐴(x) that maps each voxel location x to
an integer label 𝑘 ∈ {0, 1, 2, . . . , 𝐾}. In our formulation, 0 represents background and
each non-zero integer represents a finest-grain anatomical structure (see Section 1.2).
The number of structures to be segmented is 26 (i.e., 𝐾 = 26).
Graph cut methods [139,140] are widely used in various image segmentation tasks
for their robustness and accuracy. It casts the energy-based image segmentation
problem in a graph structure and finds the optimal solution by efficient min-cut
algorithms. A typical graph cut energy function 𝐸(𝐴) includes a region term (unary
potential) and a boundary term (pairwise potential), both of which are evaluated a
given the label assignment 𝐴(x). In our approach, the graph cut energy function is
formulated as
𝐸(𝐴) = 𝜆𝑙
Lobule region term⏞  ⏟  ∑︁
x∈Ω
𝑅𝑙(x, 𝐴(x)) + 𝜆𝑐
Cerebellum region term⏞  ⏟  ∑︁
x∈Ω
𝑅𝑐(x, 𝐴(x)) +




where the constants 𝜆𝑙 and 𝜆𝑐 weight the two region terms relative to the boundary
term. Γ is the set of all unordered 26-connected neighborhood voxel pairs. The lobule
region term 𝑅𝑙(x, 𝐴(x)) specifies the cost of assigning a lobule label 𝐴(x) to a voxel x.
It is computed based on the multi-atlas labeling result, and controls the overall shape
of the final segmentation. The cerebellum region term 𝑅𝑐(x, 𝐴(x)) specifies the cost of
assigning cerebellar (𝐴(x) ̸= 0) or non-cerebellar label (𝐴(x) = 0), i.e., background,
to a voxel x. It is computed based on a cerebellar tissue classification result and
aims to refine the lobule-background boundary. The boundary term 𝐵(x,y) specifies
the cost of assigning a pair of neighboring voxels (x,y) with different lobule labels.
It is computed using a boundary voxel classification result and it refines both the
lobule-lobule and the lobule-background boundaries. The definition of these energy
terms, which we will describe in detail in the following sections, is the key to a good
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segmentation.
For this multiple label assignment problem, we use the 𝛼-expansion optimization
strategy [139,140] which successively segments all 𝛼 and non-𝛼 voxels (where 𝛼 rep-
resents a particular label) using the max-flow/min-cut algorithm and then iterates
over each label (assigned as the 𝛼 label) until the label assignments converge.
Figure 2.1 shows the diagram of the method. First the MR image is preprocessed
as described in Section 2.2. Then, multi-atlas registration and label fusion is carried
out to obtain both an initial segmentation of the cerebellum and the lobule region
term. Tissue classification is performed to obtain the cerebellum region term and
boundary classification is performed to obtain the boundary term. Finally, the graph
cut energy function is minimized to produce the final segmentation result. In the
following subsections, we describe in detail the specification and computation of each















Figure 2.1: Diagram of the proposed algorithm.
2.3.1 Lobule region term
In this section, we define an energy term 𝑅𝑙(x, 𝐴(x)), which ideally yields a smaller
cost when voxel x is assigned the correct label 𝐴(x). We derive the necessary infor-
mation to define this energy term from a multi-atlas labeling result that is carried out
as another preprocessing step. Multi-atlas labeling methods register a set of labeled
15
images to the test subject, transfer their labels, and then decide on a single label at
each voxel given the set of transferred labels. Various approaches have been proposed
for label fusion—e.g., majority voting [141], similarity weighted voting [130,142,143],
and statistical fusion [128, 144, 145]. Statistical methods like STAPLE [128] and its
variants [144, 145] integrate a model of rater behavior, and are among the very best
performers in the label fusion task. In this work, we use the non-local STAPLE (NL-
STAPLE) algorithm proposed by Asman et al. (2013) [133]. NL-STAPLE models
the registered atlases as collections of volumetric patches containing both intensity
and label information. It uses the non-local criteria [143,146] to improve results that
are otherwise flawed by imperfect registration results.
Each atlas is made up of a preprocessed image 𝐼 together with a registered ex-
pert delineation. To carry out multi-atlas labeling, each of the atlas images is de-
formably registered to the subject image using the symmetric image normalization
method (SyN) [147] implemented in the Advanced Normalization Tools (ANTS) [148].
We use mean square intensity difference as the similarity term in registration. The
optimization in registration is performed over two resolutions with a maximum of 10
iterations at the coarse level and 10 at the full resolution. The atlas label is trans-
formed to the subject space using the corresponding deformation field. The trans-
formed labels from all atlases are then fused using NL-STAPLE to produce 𝐴𝑚(x), a
multi-atlas subject label.
This multi-atlas labeling result represents a state-of-the-art cerebellar segmenta-
tion result by itself, but here we use it as a preprocessing step to help specify the
lobule region term in our graph cut energy. In particular, given the multi-atlas label
result 𝐴𝑚(x) we define the lobule region term as
𝑅𝑙(x, 𝐴(x)) = min
y∈Φ𝐴(x)
‖x− y‖ , (2.2)
where Φ𝑙 = {y ∈ Ω |𝐴𝑚(y) = 𝑙} is the region labeled 𝑙 in the multi-atlas labeling
result. Evaluated at each voxel x, the term 𝑅𝑙(x, 𝐴(x)) yields the distance to region
Φ𝐴(x), the region with the same label as that of x in the multi-atlas labeling result. If
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the label at x actually agrees with the multi-atlas label at x, then the cost 𝑅𝑙(x, 𝐴(x))
is zero. The cost grows larger as x grows farther away from Φ𝐴(x). Consequently,
this lobule region term encourages the final segmentation result to agree with the
multi-atlas labeling result.
2.3.2 Cerebellum region term
Neither FreeSurfer nor multi-atlas labeling provides accurate boundary between the
cerebellar and non-cerebellar region. FreeSurfer consistently underestimates the cere-
bellum region, i.e., it labels cerebellar lobule voxels as background. Multi-atlas la-
beling, on the other hand, tends to over-estimate the cerebellum region, i.e., it labels
background voxels as cerebellar lobule voxel, especially when the cerebellum has ex-
perienced atrophy, such as that which occurs in spinocerebellar ataxia. This occurs
even when atrophied cerebella are included among the atlases used to provide the
multi-atlas segmentation result. A better result can be achieved by directly carry-
ing out a cerebellum segmentation step. Several approaches for whole cerebellum
segmentation have been proposed [123, 125]. To differentiate cerebellum from non-
cerebellum, these methods typically use intensity and texture information together
with prior information about the position and shape of the cerebellum. In our work,
both image and spatial information are used to train a voxelwise cerebellar tissue
classifier. This result is then used to define the cerebellum region term in our graph
cut energy function.
Two types of features are used to distinguish cerebellar voxels from non-cerebellar
voxels in a preprocessed image 𝐼. The first type of features are image features includ-
ing the intensity, the magnitude of the image gradient, and the trace and determinant
of the Hessian matrix of the intensity. The second type of features are spatial fea-
tures including the spatial coordinates relative to the centroid of the estimated corpus
medullare (CM) and the signed distance of the voxel to the boundary of the estimated
CM. The estimated CM is obtained by applying a morphological opening operation
(using a circular structuring element of diameter 5 pixels) to the cerebellar WM mask
obtained from the FreeSurfer segmentation result. This opening operation removes
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WM branches inside the lobules, yielding a better estimate of the CM. A feature
vector u(x) comprising the values of these eight features is constructed for each voxel
x.
We use random forests [149] to perform the classification of cerebellar and non-
cerebellar voxels given the feature vector u(x). Random forests have been shown to
achieve robust and accurate classification while avoiding over-fitting [149]. To form
the training samples, voxels were sampled from the two classes, cerebellar and non-
cerebellar tissue, among the images of the training subjects (which are the same set of
labeled subjects used in the multi-atlas segmentation step described in Section 2.3.1).
To generate the training samples, 1000 voxels were randomly sampled from each class
of each subject. For the random forest configuration, an ensemble of 500 decision
trees were constructed, and each decision node within a decision tree used a random
subset of two of the eight input features.
Let 𝐴𝑐(x) be the class output by the random forest classifier at voxel x where
𝐴𝑐(x) = 1 represents a cerebellar voxel and 𝐴𝑐(x) = 0 represents a non-cerebellar
(background) voxel. We use this to define the cerebellum region term used in our
graph cut energy as follows
𝑅𝑐(x, 𝐴(x)) =
⎧⎨⎩miny∈Ψ0 ‖x− y‖, if 𝐴(x) = 0miny∈Ψ1 ‖x− y‖, if 𝐴(x) ̸= 0 , (2.3)
where Ψ0 = {y ∈ Ω |𝐴𝑐(y) = 0} is the region classified as non-cerebellum by the
random forest classifier and Ψ1 = {y ∈ Ω |𝐴𝑐(y) = 1} is the region classified as cere-
bellum. The cerebellum region term 𝑅𝑐(x, 𝐴(x)) acts in a fashion very similar to
the lobule region term 𝑅𝑙(x, 𝐴(x)) in that it penalizes labels that disagree with the
preliminarily estimated labels (in this case by the random forest classifier) by the
distance from the region with an agreeing label. For example, if the label 𝐴(x) is a
cerebellar lobule label (i.e., 𝐴(x) ̸= 0) and the random forest classifies x as cerebellar
voxel (i.e., 𝐴𝑐(x) = 1) then the cost for x is zero. However, if 𝐴(x) is a cerebellar lob-
ule label but the random forest classifies x as a non-cerebellar voxel (i.e., 𝐴𝑐(x) = 0),
the cost is non-zero and increases with its distance to Ψ1, the region classified as
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cerebellum by the random forest classifier. In this way, when this cost is included in
the graph cut energy, as in Equation (2.1), the final labeling is encouraged to agree
with the random forest classification of cerebellar and non-cerebellar tissue.
2.3.3 Boundary term
A boundary term is used to further refine the lobule boundaries. Lobule boundaries
are typically characterized by high image gradients (at boundaries between lobule and
non-cerebellar tissue) or high second order directional derivatives (at boundaries be-
tween different lobules). In order to encourage our graph cut segmentation algorithm
to make cuts that favor such boundaries between labels, we trained another random
forest classifier to identify boundary voxels, including both lobule-background and
lobule-lobule boundaries.
The same input feature vector u(x) as in Section 2.3.2 is used, and the same
set of atlas images as the multi-atlas segmentation algorithm was used in training. A
multiclass classifier was trained to output the class label 𝑘 ∈ {1, 2, 3}. 𝑘 = 1 indicates
a boundary voxel, defined as any voxel having any neighboring voxel (within a 26-
voxel neighborhood) with a different label. So a boundary voxel can lie between any
pair of lobules or between a lobule and the background. 𝑘 = 2 indicates a lobule
voxel, which is a cerebellar (non-background) voxel that is not a boundary voxel, and
𝑘 = 3 indicates a non-cerebellar (background) voxel that is not a boundary voxel. A
random forest classifier with the same configuration as in Section 2.3.2 was trained.
The training samples were formed by sampling 1000 voxels from each class on each
training subject. As before, 500 decision trees were used and each decision node
considered a random subset of two of the eight input features.
Rather than combining all decision trees in the random forest to yield a hard
classification (of 𝑘 = 1, 2, or 3), we used the outputs of the decision trees to generate
a probability of class assignment. Let ℎ𝑖(u(x)) be the class prediction made by the
𝑖-th decision tree given the feature vector u(x). Then the probability that the voxel
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𝛿[ℎ𝑖(u(x)) − 𝑘], 𝑘 ∈ {1, 2, 3} , (2.4)
where 𝛿[𝑘] is the delta function. Figure 2.2 shows a training image and its 3-class
labeling (derived from a manual labeling result) and a test image with the probability
of its boundary class output from the trained random forest.
We then define the boundary term as
𝐵(x,y) = 1 − max {𝑝(1|u(x)), 𝑝(1|u(y))} , (2.5)
which yields a small value when either one of the two neighboring voxels has high
boundary class probability and a large value when neither voxel is likely to be a
boundary voxel. When this boundary term is used in Equation (2.1), the optimal cut
is encouraged to be positioned along highly probable boundary voxels.
2.3.4 Energy Minimization
After the energy terms described in Sections 2.3.1, 2.3.2, and 2.3.3 are computed,
the graph cut energy function in Equation (2.1) is minimized using the 𝛼-expansion
algorithm [139]. We used the multi-label energy optimization library available online
at http://vision.csd.uwo.ca/code/. We chose 𝜆𝑙 = 𝜆𝑐 = 1.0 in Equation (2.1)
empirically according to experimental observations. The algorithm produces highly
similar results when 𝜆𝑙 and 𝜆𝑐 are selected in the range [0.5, 5].
2.4 Results
2.4.1 Data
T1-weighted magnetization prepared rapid gradient echo (MPRAGE) images of 92







Figure 2.2: Example training and prediction result of the boundary classifier. (a) Pre-
processed MR image of a subject used for training. (b) Voxel class overlaid with the
image in (a), where yellow indicates boundary voxels, blue indicates lobule voxels
and otherwise non-cerebellar voxels. (c) Preprocessed MR image of a test subject.
(d) Boundary probability output from the random forest classifier overlaid with the
image in (c).
Netherlands). The parameters of the MPRAGE are: 132 slices, axial orientation,
1.1mm slice thickness, 8∘ flip angle, TE = 3.9ms, TR = 8.43ms, FOV 21.2 × 21.2cm,
matrix 256 × 256 (resolution: 0.828125 × 0.828125 ×1.1mm). 15 of the 92 sub-
jects (containing both HC and patients) were manually delineated by an expert with
over 5000 hours of training, using the protocol described in Bogovic et al. (2013) [120].
Table 2.1 summarizes the demographic information of each diagnosis group, in the
expert delineated subject set and in the set with no expert delineation.
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Table 2.1: Demographic information on both the set of 15 subjects with expert delin-
eation and the set of 77 subjects without expert delineation. Key: 𝑁 is the number
of subjects; m/f is the male/female ratio; Age is the mean age; SD is the standard
deviation of the age; healthy controls (HC); people who have symptoms of cerebel-
lar dysfunction but no genetic diagnosis (CB); spinocerebellar ataxia type 2 (SCA2),
type 3 (SCA3), and type 6 (SCA6).
Expert delineated No expert delineation
𝑁 (m/f) Age (SD) 𝑁 (m/f) Age (SD)
HC 6 (2/4) 54.3 (14.7) 44 (19/25) 56.5 (12.9)
CB 3 (1/2) 54.3 (8.0) - (-/-) - (-)
SCA2 - (-/-) - (-) 4 (3/1) 48.8 (8.8)
SCA3 - (-/-) - (-) 7 (2/5) 51.7 (9.3)
SCA6 6 (2/4) 55.3 (12.6) 22 (6/16) 58.8 (8.4)
2.4.2 Accuracy evaluation
In this experiment, 15 subjects with expert delineated labels were used to perform
a leave-one-out validation study. Each subject was used as a test subject while the
remaining 14 subjects were used in the multi-atlas labeling phase and also as training
data for both the cerebellum tissue and boundary classifiers. In this way, results
were computed for each of the 15 subjects and statistical performance measures were
computed across these 15 subjects. See Table 2.1 for a summary of the diagnosis
and demographic information on the 15 subjects. Three segmentation approaches
were compared: ACCLAIM [136], NL-STAPLE (as described in Section 2.3.1), and
the proposed method. To quantitatively evaluate the segmentation results, we first
examined the overlap between the true and automatically obtained labels for each
lobule using the Dice similarity coefficient (DSC). The DSC of a segmented region 𝑅
against its manual delineation 𝑇 is computed as
DSC =
2 |𝑅 ∩ 𝑇 |
|𝑅| + |𝑇 |
,
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where |·| represents the volume of a region.
Figure 2.3 shows the statistics of the DSC between the manual and automatic
labels. For the proposed method, most of the lobules have mean DSC above 0.70,
and many are above 0.80 (CM, lobule I-IV, lobule VI, sub-structures of lobule VII,
VIII vermis, and lobule IX). The worst mean DSC values are still above 0.60, and
these occurred in lobules with relative small volumes such as lobules V and X. These
structures also have a larger variation in DSC. Comparing the three segmentation al-
gorithms, NL-STAPLE and the proposed method outperformed ACCLAIM in most
of the lobules, with higher mean DSC for all the lobules and smaller DSC variance
for almost all the lobules. The proposed method outperformed NL-STAPLE in most
of the lobules, especially the lobules in the middle and caudal portions of the cere-
bellum (lobules XII, IX, and X). In order to evaluate the overall performance of
segmentation on a subject, we computed the average volume weighted DSC (ADSC)





where DSC𝑖 is the DSC of the 𝑖-th lobule, and |𝑇𝑖| is the volume of the 𝑖-th lobule
computed from the manual delineation. 𝑁 is the total number of lobules.
Table 2.2 lists the ADSC of each subject in the leave-one-out experiment, grouped
into three groups: 1) HCs, which have no cerebellar atrophy; 2) SCA6 patients, with
atrophy varying from mild to severe; 3) CBs, which are patients with symptoms of
cerebellar dysfunction but no genetic diagnosis or other diagnosis. In this particular 15
subject cohort, all the CBs happened to have severe cerebellar atrophy. The Wilcoxon
two-sided signed rank test was carried out to compare the ADSCs of the 15 subjects
produced by the proposed method and the other two, at a 5% confidence interval. The
test results indicated that the proposed method improved the segmentation results
over the other two methods significantly in terms of ADSC, with a p-value of 1.2×10−4
when compared with ACCLAIM and 3.3 × 10−3 when compared with NL-STAPLE.





























































































Figure 2.3: Box plots of Dice similarity coefficient comparing ACCLAIM, NL-
STAPLE, and the proposed method.
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as listed in Table 2.2. The proposed method has the highest mean ADSC among the
three algorithms in each group. The ADSCs of the proposed method and NL-STAPLE
are similar in the HC group. The ADSCs of the proposed method are higher than
NL-STAPLE for all the subjects in both SCA6 and CB groups. The improvements
are most prominent in the CB group where subjects have large cerebellar atrophy.
Figure 2.4 shows example segmentation results generated by the three algorithms. We
can see that NL-STAPLE and the proposed method outperformed ACCLAIM for both
lobule location and boundary accuracy. The proposed method shows improvements
over NL-STAPLE at the lobule boundaries, being able to capture the deep sulci and
fissures.
Although the proposed method outperformed the other two methods in identifying
cerebellar atrophy, the segmentation results were still biased towards the majority of
the training data, which in our case comprises subjects with zero to moderate atrophy.
The segmentation tended to over-estimate cerebellum tissue in subjects with large
atrophy, resulting in a lower dice in the CB group.
Table 2.2: The average volume weighted dice similarity coefficient (ADSC) for each
subject in the leave-one-out experiment, grouped by diagnosis. See Table 2.1 for a
key of the diagnoses.
Method Healthy control
1 2 3 4 5 6 mean ± std.
ACCLAIM 70.9 77.0 66.0 73.9 79.1 77.2 74.2 ± 4.9
NL-STAPLE 82.4 82.6 83.2 76.0 84.3 82.5 81.8 ± 2.9
Proposed 82.1 82.5 83.8 76.2 84.2 83.0 82.0 ± 2.9
Method SCA6
1 2 3 4 5 6 mean ± std.
ACCLAIM 77.2 79.0 73.9 73.2 76.5 73.6 75.6 ± 2.3
NL-STAPLE 82.2 82.6 80.4 80.1 74.4 79.0 79.8 ± 3.0
Proposed 83.1 82.7 80.5 81.9 75.5 79.4 80.5 ± 2.8
Method CB
1 2 3 mean ± std.
ACCLAIM 71.5 67.9 72.5 70.6 ± 2.4
NL-STAPLE 72.9 73.1 80.3 75.4 ± 4.2










































Figure 2.4: Example lobule segmentation results. Each column contains the prepro-
cessed MR image (coronal slice), the segmentation results and the expert delineation
of a subject. From the top to the bottom row are in turn the preprocessed MR im-
ages, the segmentation results obtained by ACCLAIM, NL-STAPLE, the proposed
method, and the expert delineations.
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2.4.3 Volumetric analysis in SCA
In this experiment, we applied the proposed segmentation method to 77 subjects (with
no expert delineation) to study the region-specific cerebellar atrophy patterns in
ataxia patients and to further validate the proposed method. The 15 expert labeled
subjects were used for training. We studied three sub-types of SCA based on the vol-
umetric measurements of the parcellated regions of interest (ROIs) from our method.
The demographic information of the different groups is summarized in Table 2.1. In
order to compare the degree of atrophy across different ROIs, we evaluated a relative
ROI volume computed as follows. Let 𝑣𝑟,𝑠 be the volume of ROI 𝑟 in subject 𝑠. Let
𝑣𝑟,HC be the average volume of ROI 𝑟 over all healthy subjects. The relative ROI





Figure 2.5 shows the statistics of the relative ROI volumes of gross anatomical
divisions, while Figure 2.6 shows the statistics of relative ROI volumes of cerebellar
lobules. A two-sided Wilcoxon rank sum test was carried out between the relative
ROI volumes of each ataxia type and the HCs for each ROI, at a 5% confidence
interval. The Wilcoxon rank sum test had a null hypothesis that the ROI volumes
of the two groups have equal medians, against the alternative that they do not. The
test results are marked at the bottom of the box-plots in Figures 2.5 and 2.6, where
one star (p-value between 0.01 and 0.05) indicates the volume difference between the
patient and healthy group is statistically significant, and two stars (p-value less than
0.01) indicates the difference has strong statistical significance.
As shown in Figures 2.5 and 2.6, SCA6 exhibits a global atrophy in comparison
to the HCs, with significant atrophy across all lobules. The average relative ROI
volumes against HCs were between 0.6 and 0.8 for CM, lobules in anterior and middle
lobe, and between 0.7 and 0.9 for lobules in posterior lobes. SCA2 shows significant
atrophy of the CM, middle lobe, and superior vermis with relative sparing of the
posterior-inferior regions of the cerebellum. The above results are consistent with
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the observations reported in [103, 104]. For SCA3, significant atrophy was found in
the CM region and near significant atrophy was found in the anterior lobes. The fact
that no significant volume decrease was found in other ROIs partially agrees with [97],
which reported significant volume decrease in SCA3 against HCs in cerebellar vermis,
































Figure 2.5: Box plots of relative lobe volumes for healthy controls and three SCA
subtypes.
2.4.4 Discussion
The run time of the algorithm for one subject is ∼7 hours on a computer with 48GB
Ram and 12 cores each with a 2.7Ghz Intel processor. It includes ∼6 hours of
FreeSurfer processing, ∼40 mins for multi-atlas registration and label fusion, and
∼20 mins for computing the graph cut energy terms and optimization. One way to
reduce the algorithm runtime is to replace the FreeSurfer processing part by other
brain MR image analysis software that provides cerebellar tissue segmentation, e.g.,
TOADS [122], which take ∼3 hours to produce a whole brain segmentation. Since
it can take 50–60 hours for an expert rater to label the cerebellar lobules, the pro-









































































** * * * * * * * * * * * * ** * * * * * * * * * * * *
* * * * * * * * * * ** * * * * * *
Figure 2.6: Box plots of relative lobule volumes for healthy controls and three SCA
subtypes.
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bers of subjects. Due to the data-driven nature of multi-atlas methods and learned
tissue/boundary classifiers, the proposed method can be applied to any cerebellar
parcellation protocol and any image modality, providing manually labeled training
data with the same protocol and image modality.
2.5 Summary
In this chapter, we proposed a fully automated cerebellar lobule segmentation method
that combines a multi-atlas result and tissue/boundary classification in a graph cut
framework. The method was validated using a leave-one-out study on 15 expert de-
lineated subjects including both healthy controls and patients with various degrees of
cerebellar atrophy. The proposed method outperformed two state-of-the-art cerebel-
lum segmentation methods, especially on subjects with moderate to large cerebellar
atrophy. The proposed method was then applied to label the cerebellar lobules of
a larger cohort consisting of healthy controls and patients with different SCA sub-
types. Quantitative analysis of the ROI volumes showed significant regional volume
decreases in all SCA sub-types and distinct patterns of atrophy for each subtypes. The
observed atrophy patterns for different SCA sub-types are consistent with previous
findings, in which cerebellar lobules were manually labeled by experts.
As mentioned at the beginning of the chapter, the purpose of the proposed seg-
mentation method in this thesis is two-fold. In this chapter we have demonstrated the
effectiveness of the proposed method for ROI volumetric analysis of the cerebellum
on large population. In Chapter 3, we will use the lobule segmentation to construct




In this chapter, we present two shape representations for cerebellar structures: a
landmark shape representation of the collection of cerebellar lobules and a level set
based whole cerebellum shape representation. The landmark representation is more
informative as it contains shape information for each lobule, while the level set rep-
resentation is simple to obtain (no cerebellar lobule parcellation and correspondence
point finding needed) and thus free from errors due to this process. Both represen-
tations encode rich morphological information of the cerebellum and they lay the
foundation for studying group difference, predicting disease/function, and identifying
disease/function specific atrophy pattern.
In Section 3.1, we review the literature on shape analysis and the basics of the
landmark and level set representations. In Sections 3.2 and 3.3 we use these shape
representations to describe the shape of the cerebellum. In Section 3.4, we use the
proposed cerebellar shape representations to study the cerebellar shape variation of
different populations.
3.1 Statistical shape analysis
Shape analysis is an area of study arising from a wide variety of applications. For
example, shape provides useful information for tasks like object recognition [150,151]
and segmentation [152,153]. The well accepted definition of shape by Kendall (1984) [154]
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is that “shape is all the geometrical information that remains when location, scale, and
rotational effects are removed”. Statistical shape analysis is an analysis of the geomet-
rical properties of some given set of shapes by statistical methods [96]. The statistical
model learned from a population of shapes is called statistical shape model (SSM).
The application of statistical shape analysis in biomedical image analysis lies in the
following two aspects: 1) SSMs serve as shape priors in segmenting anatomical struc-
tures from images [153]; 2) SSMs can model group differences of anatomical structures
and further used for predicting disease and functional decline [94, 155].
Statistical shape analysis have two main components: 1) Shape representation,
which encodes the shape information into a set of homologous geometric primitives
or basis functions across different subjects in a population; 2) Analysis method, which
may involve modeling the distribution of shapes from a group of training subjects,
defining a probability measure to identify abnormal shapes, or defining shape distance
or metrics to quantify group differences. In the following section, we review different
approaches in statistical shape analysis with a focus on these two components.
3.1.1 Literature review
An intuitive and widely used way to represent shape is to locate a finite number
of landmarks on the object. A 𝑙𝑎𝑛𝑑𝑚𝑎𝑟𝑘, as defined in Kendall (1984) [154], is a
point of correspondence on each object that matches between and within populations.
Kendall (1984) [154], Kendall (1989) [156], Bookstein (1986) [157], Goodall (1991) [158],
and Dryden and Mardia (1991) [159] established the theoretical foundation and
methodology for analyzing shape using landmark representation. As for the analysis
method, Goodall and Mardia (1993) [160], Dryden and Mardia (1991) [159], and Dry-
den and Mardia (1993) [161] used perturbation models. Cootes et al. (1992) [162,163]
used principal components models. Although the principal component model is a spe-
cial case of the perturbation model, it models the shape variation with more specificity,
and thus has gained great popularity in various applications, e.g., object segmenta-
tion.
Medial models or skeletons are also commonly used to represent shapes [164].
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They represent objects by their centerlines and corresponding radii, which result in a
more compact description than landmarks. Pizer et al. (1999) [165,166] presented me-
dial model named M-Reps consisting of a set of points on the centerlines and vectors
pointing from the points toward the boundary. Styner built M-Reps on a spheri-
cal harmonic (SPHARM) approximated surface to incorporate object variability and
to reduce the branching topology sensitivity of pure medial models [167–169]. Then
statistical analysis can be carried out separately on the two medial shape properties—
local position and thickness [89]—or directly on each point of the approximated sur-
face [91]. Fletcher et al. [170] proposed principal geodesic analysis, a generalization
of principal component analysis to the manifold setting, for analyzing the variation
of a population of objects described by M-Reps.
A large number of other approaches to represent shapes by parameterizing the
surfaces exist [153]: Fourier surfaces [171, 172], elastic models [173], extension of
spherical harmonics [174, 175], wavelet transformation [176], spherical wavelets [177,
178], B-splines [179]. Most of them use principal component analysis (assume multi-
variate Gaussian distribution) to model the variation of a population.
The level set shape representation was introduced as a tool for numerical analysis
of surfaces and shapes [180]. It is used widely for curve or surface evolution in image
segmentation [181–183] and it has also proven to be useful for modeling shape statis-
tics [184, 185]. It can represent arbitrary shapes and it inherently supports topology
changes during deformation. Since it does not require establishing correspondence on
an object surface (which often requires deformable registration), it is easy to compute
and less prone to errors in computing the representation.
In the next two sections, we focus on two shape representations—the landmark
representation and the level set representation. We describe in detail the standard
steps for computing the two shape representations and building SSMs based on these
representations.
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3.1.2 Landmark based SSM
Landmark generation
A landmark shape representation describes a shape by locating a finite number of
points on the outline. A landmark is a point of correspondence on each object that
matches between and within populations (Dryden and Mardia (1998) [96]). Land-
marks can be points that have anatomical meanings, or have a special geometrical
property like high curvature, or are just points that are densely distributed on the
object’s boundary. Landmarks are also called homologous points, vertices, anchor
points, fiducial markers, model points, markers, key points, etc. One way to assign
landmarks across a set of training shapes is to manually designate corresponding
points on each shape, which is time consuming and impracticable for 3D shapes. Au-
tomatic and semi-automatic methods for identifying corresponding points have been
developed, mostly based on image or point set registration techniques [153]. Once
the landmarks are assigned, a shape is represented by the ordered list of landmarks.
A shape represented by 𝑀 landmarks in 𝐷 dimension is represented by an 𝑀𝐷-
dimensional column vector x formed by concatenating the spatial coordinates of the
ordered landmarks (we assign 𝐷 = 3 in the following context for simplicity)
x = [𝑥1, 𝑦1, 𝑧1, 𝑥2, 𝑦2, 𝑧2, . . . , 𝑥𝑀 , 𝑦𝑀 , 𝑧𝑀 ]
𝑇 . (3.1)
Shape alignment
According to the definition [154], shape is invariant under Euclidean similarity trans-
formations. To obtain a true shape representation, location, scale, and rotational
effects must be filtered out. This is carried out by establishing a coordinate ref-
erence—with respect to position, scale, and rotation, commonly known as 𝑝𝑜𝑠𝑒—to
which all shapes are aligned. This is solved by Procrustes alignment [80,158,163,186].
First we describe the alignment of two shapes. Let x1 and x2 be the shape repre-
sentations of two shapes defined in Equation 3.1. Aligning x1 to x2 is realized by
finding the Euclidean similar transformation 𝑇 that minimizes the least-square error
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between the spatial coordinates of the two shapes, i.e., ‖𝑇 (x1) − x2‖22, where ‖·‖2 is
the 𝑙2 norm. The transformation 𝑇 can be solved analytically [80, 96, 187]. To align
a set of shapes, an iterative approach with the following procedures is carried out:
1. Choose an initial estimate of the mean shape (often the first shape in the set).
2. Align all the remaining shapes to the mean shape.
3. Recalculate the estimate of the mean from the aligned shapes.
4. If the estimated mean has changed, return to step 2.
Convergence is thus declared when the mean shape does not change significantly
within an iteration. Bookstein [80] notes that two iterations of the above should be
sufficient in most cases. To obtain an estimate of the mean shape, the most frequently







where 𝑁 is the number of shapes.
Statistical Analysis
Consider a set of 𝑁 aligned shapes with 𝑀 landmarks. Each shape instance can be
represented by a 3𝑀 -dimensional vector, or a point in a 3𝑀 -dimensional space. The
set of 𝑁 shapes gives a cloud of 𝑁 points in the 3𝑀 -dimensional space. Principal
Component Analysis (PCA) is an efficient way to model the distribution in high-
dimensional space, assuming multivariate Gaussian distribution. Let x𝑖 be the vector







The principal axes of the point cloud are described by {e𝑘}, 𝑘 = 1, . . . , 3𝑀 , the
unit eigenvectors of the sample covariance matrix S, ordered by the corresponding
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eigenvalues {𝜆𝑘|𝜆1 ≥ 𝜆2 ≥ · · · ≥ 𝜆3𝑀}. The eigenvectors are called principal shape
modes. A shape x in the training set can be approximated by the mean shape and a
linear combination of the first 𝑡 shape modes:
x = x̄ + Eb, (3.4)
where P = [e1, e1, . . . , e𝑡] and b is a column vector of weights. Equation 3.4 allows
us to generate new examples of shapes by specifying the coeffcients b within suitable




𝜆𝑘 ≤ 𝑏𝑘 ≤ 3
√︀
𝜆𝑘. (3.5)
Equations 3.4 and 3.5 together provide an allowable shape domain [163]. It can be
used as constraints in segmentation tasks. It can also generate new shapes in a
systematic way, which is appealing for visualization purposes.
3.1.3 Level set based SSM
Level set function
A level set function 𝜙 can be used to represent the shape or region Ω ⊂ R3 as follows
𝜙 (x)
⎧⎪⎪⎪⎨⎪⎪⎪⎩
> 0, x ∈ Ω ∖ 𝜕Ω
= 0, x ∈ 𝜕Ω
< 0, x ∈ R3 ∖ Ω
. (3.6)
Often a special form of level set function, the signed distance function (SDF), which
satisfies |∇𝜙| = 1, is used. Given a closed and bounded shape Ω ∈ R3, there is a
unique solution to the above constraints
𝜙 (x) =
⎧⎪⎪⎪⎨⎪⎪⎪⎩
−𝑑 (x) , x ∈ Ω ∖ 𝜕Ω
0, x ∈ 𝜕Ω




𝑑 (x) = min
x𝑏∈𝜕Ω
(|x− x𝑏|) (3.8)
is the distance from a point x to the boundary 𝜕Ω. Any shape yields a unique SDF,
and vice versa. SDF on a discrete grid can be efficiently computed with the fast
marching method [180]. In order to reduce the impact of large distance values far
from the object boundary, the SDF can be truncated by a threshold value 𝑑max
𝜙 (x) =
⎧⎪⎪⎪⎨⎪⎪⎪⎩
max (−𝑑 (x) ,−𝑑max) , x ∈ Ω ∖ 𝜕Ω
0, x ∈ 𝜕Ω
min (𝑑 (x) , 𝑑max) , x ∈ R3 ∖ Ω
, (3.9)
resulting in a truncated SDF (TSDF). Suppose the TSDF is computed on an 𝐿×𝐿×𝐿
grid; then the shape can be represented by a vector v ∈ 𝑅𝐿3 .
Shape alignment
Similar to landmark based SSM, Procrustes alignment can be applied to align a set of
shapes. Instead of aligning the landmark points, the alignment of two shapes Ω1 and
Ω2 is often realized by aligning their corresponding level set functions 𝜙1 and 𝜙2. First,
a Euclidean similar transformation 𝑇 is obtained by minimizing ‖𝜙1(𝑇 (x)) − 𝜙2(x)‖22,
where ‖·‖2 is the 𝑙2 norm. 𝑇 is then applied to Ω1, resulting in the aligned shape
𝑇 (Ω1) = {x ∈ R3|𝑇 (x) ∈ Ω1}. The set of all shapes are aligned by Procrustes align-
ment, as described in Section 3.1.2. After alignment, the level set functions are
recomputed for each aligned shape.
Statistical Analysis
Consider a set of 𝑁 3D shapes, with each shape, after alignment, represented by a
level set function on a 𝐿×𝐿×𝐿 grid, or a 𝐿3-dimensional vector v. As in landmark
based SSM, PCA is used to model the shape variation.
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3.2 Cerebellar lobule landmark representation
In this section, we present a landmark based shape representation for cerebellar struc-
tures. We treat the cerebellum with its lobule parcellation as a multi-object shape,
and we describe the cerebellum by the collection of dense landmarks on the boundaries
of all lobules. A challenge of using the landmark representation to model anatomical
structures, especially 3D structures, is establishing dense corresponding landmarks
across different subjects. Multi-object shapes (as in the collection of lobules com-
prising a cerebellum) add another level of complexity [188]. We address the corre-
spondence building problem for multiple structures by applying a two-step non-rigid
point set registration between the template point set and the subject point set, with
the first step registering all lobules as a whole and the second step registering each
lobule separately. The deformed template point set is then used as the landmarks of
the subject. The steps for generating landmark representation is described in detail
next.
The cerebellum was segmented from the MR image and parcellated into 𝐾 cere-
bellar lobules, using the method described in Chapter 2. A dense triangulation of the
boundary surface of each lobule was generated by the marching cubes algorithm [189].
Figure 3.1 shows the input MR image, the lobule segmentation, and the generated
triangular meshes of lobules.
Figure 3.1: From MR image to lobule meshes: a) MR image of the cerebellum;
b) Lobule segmentation; c) Triangular meshes of all lobules; d) Vertices of the lobule
meshes.
Let {𝑚1,𝑚2, . . . ,𝑚𝐾} be the set of lobule meshes generated from a subject, where
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𝐾 is the number of lobules. Let 𝑝𝑘,𝑖 be the 𝑖th vertex of 𝑚𝑘. The set of points from
𝑚𝑘 is represented by 𝑃𝑘 = {𝑝𝑘,1, 𝑝𝑘,2, . . . , 𝑝𝑘,𝑀𝑘}, where 𝑀𝑘 is the number of vertices
from 𝑚𝑘. The set of points from all lobules is then 𝑃 =
⋃︀𝐾
𝑘=1 𝑃𝑘, which can be called
the point set of a subject or subject point set. An arbitrary subject is selected as the
template, and the template point set is denoted by 𝑃 0. The landmark representation
of a subject is obtained through two steps of non-rigid registration:
1. The template point set 𝑃 0 is registered to the subject point set 𝑃 through a
non-rigid transformation, resulting in 𝑃 1. Coherent point drift (CPD) [190] is
used to implement the non-rigid point set registration.
2. For each lobule 𝑘, 𝑃 1𝑘 (the set of points in 𝑃 1 that belongs to lobule 𝑘) is
registered to 𝑃 𝑟𝑘 (the set of points in 𝑃 𝑟 that belongs to lobule 𝑘) through




𝑘 then denotes the
template point set after two steps of non-rigid registration.
𝑃 2 is assigned as the landmarks of the subject, since it has the shape of the subject
point set 𝑃 , and the corresponded point order to the template point set 𝑃 0. Figure 3.2
shows the initial template point set 𝑃 0, and the template point set after each step of
non-rigid registration, i.e., 𝑃 1 and 𝑃 2, overlaid with subject point set 𝑃 .
Figure 3.2: Two-step non-rigid point set registration: a) Template point set and
subject point set before non-rigid registration; b) after whole cerebellum non-rigid
registration; c) after individual lobule non-rigid registration.
Let {𝑥𝑖, 𝑦𝑖, 𝑧𝑖} be the spatial coordinates of the 𝑖th landmark; the landmark shape
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representation of the subject is the vector




𝑘=1 𝑀𝐾 is the number of landmarks from all lobules. In our case
𝑀 ≈ 15, 000.
In this work, we modify the shape definition by including scale effects in the
shape. In our definition, a shape is all the geometrical information that remains
when translation and rotation are filtered out from an object. We include scale
in shape because, cerebellar atrophy in ataxia patients will result in a global scale
change of the cerebellum, especially those with severe cerebellar atrophy. This global
scale change is not captured if scale is filtered out. In the Procrustes alignment,
the transformation applied to align the landmarks is rigid transformation (only allow
translation and rotation).
3.3 Whole cerebellum level set representation
In this section, we present an alternative cerebellar shape representation based on
the level set function of the whole cerebellum shape. The advantage of this repre-
sentation over the representation presented in Section 3.2 is that it is much easier
to compute and less prone to segmentation and registration errors. The whole cere-
bellum can be obtained by many available brain image analysis software packages
such as FreeSurfer [121], TOADS [122], BrainSuite [191], and Caret [192,193]. In this
work, we use FreeSurfer version 5.3.0 [121] for the whole cerebellum segmentation.
The steps for generating the level set representation is described in detail next.
As part of FreeSurfer processing, each MR scan is transformed into MNI space,
and a whole brain parcellation is performed, including a segmentation of the whole
cerebellum and its gray matter (GM) and white matter (WM). Let Ω𝐺𝑀 ⊂ R3 and
Ω𝑊𝑀 ⊂ R3 denote the cerebellar GM and WM region, respectively. TSDF is com-
puted from the whole cerebellar region Ω𝐶 = Ω𝐺𝑀 ∪ Ω𝑊𝑀 . Figure 3.3 shows an
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example of this process from MR images to TSDF level set representation. As in
Section 3.2, Procrustes alignment is carried out with a rigid transformation (no scale
adjustment) as the alignment transformation.
(a) (b) (c)
Figure 3.3: From MR image to level set shape representation. (a) MR image (coro-
nal slice); (b) Cerebellar GM and WM region obtained from FreeSurfer processing;
(c) Truncated signed distance function (TSDF) of the whole cerebellum.
3.4 Results
In this section, we demonstrate the effectiveness of the two cerebellar shape represen-
tations presented in Sections 3.2 and 3.3 by building SSMs using the two representa-
tions and studying the cerebellar shape variations for different groups of subjects. See
Sections 3.1.2 and 3.1.3 for the details of building SSMs using the two types of shape
representations. The set of subjects to be studied include 65 healthy controls and 58
patients with five types of cerebellar ataxia. Demographic information is summarized
in Table 3.1.
Table 3.1: Demographic information of the 123 subjects being studied. Key: 𝑁 num-
ber of subjects; m/f is the male/female ratio; Age is the mean age; SD is the standard
deviation of the age; healthy controls (HC); spinocerebellar ataxia type 2 (SCA2),
type 3 (SCA3), type 6 (SCA6) and type 8 (SCA8); ataxia-telangiectasia (AT).
𝑁 (m/f) Age (SD)
HC 65 (28/37) 50.7 (17.7)
SCA2 4 (3/1) 48.8 (8.8)
SCA3 7 (2/5) 51.7 (9.3)
SCA6 27 (7/20) 58.4 (9.3)
SCA8 2 (2/0) 43.5 (16.3)
AT 18 (12/6) 18.3 (6.2)
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Figures 3.4 and 3.5 show the cerebellum of five representative healthy controls,
rendered from the two shape representations. Figures 3.6 and 3.7 show the cerebellum
of five representative SCA6 subjects, rendered from the two shape representations.
SSMs were built using the two shape representations and principal modes of vari-
ation are visualized for different groups of subjects. Figures 3.8–3.11 show the first
and second principal modes of variation for the whole dataset (including healthy con-
trols and patients of all ataxia types) computed using the two shape representations,
respectively. Figures 3.12 and 3.13 show the first principal modes of variation for
healthy control group computed using the two shape representations respectively.
Figures 3.14 and 3.15 show the first principal modes of variation for SCA6 group
using the two shape representations, respectively.
As shown in Figures 3.4–3.7, the cerebellar lobule shapes are much more smooth
and regular than the whole cerebellum shapes. This is because the graph cuts based
lobule segmentation locates a smoothed lobule boundary with high precision, while
FreeSurfer cerebellar tissue segmentation tends to under-estimate the cerebellum re-
gion, resulting in branch like shapes. See Section 2.3 for more details.
For the whole dataset SSM, the first mode of variation computed using the two
representations are similar, capturing overall size change of the cerebellum and vol-
ume change of individual lobules in the posterior lobes (Figures 3.8 and 3.9). Level
set representation shows a significant change in the medial part of the anterior lobe
(see the top of the cerebellum in Figure 3.9), which is not observed in landmark rep-
resentation. The cerebellar lobule landmark representation reveals relative changes of
different lobules. As shown in Figure 3.8, the lobules in the posterior lobes, especially
CRUS I and II, undergo much larger shape changes than lobules I–V and corpus
medullare. For the second mode of variation, landmark representation captures a
combined change of lobule volumes and the aspect ratio (width versus height) of the
whole cerebellum (Figures 3.10 and 3.11). The level set representation captures a
more apparent aspect ratio change of the whole cerebellum (see Figure 3.11).
For the SSM of the healthy control group, the first mode of variation computed
using the two representations are similar, capturing the elongation in the transverse
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direction and a mild overall size change (Figures 3.12 and 3.13). An interesting ob-
servation from the landmark representation is that with the decreasing of cerebellum
width, the medial part of the two hemispheres become closer (see bottom row in
Figure 3.12).
For the SSM of SCA6 patient group, the mean shapes have smaller size than the
mean shapes of the healthy, and also wider fissures in the posterior lobes (see middle
columns in Figures 3.14 and 3.15). The first mode of variation computed using the two
representations are similar, also capturing an overall size change of the cerebellum and
volume change of individual lobules in the posterior lobes (Figures 3.14 and 3.15).
This variation reflects the different degrees of cerebellar atrophy within the SCA6
group. SCA6 patients with a short disease duration can have very mild atrophy
and their cerebella look very much like that of healthy subjects (see SCA subject 1
in Figure 3.6). Again the cerebellar lobule landmark representation reveals relative
changes of different lobules. As shown in Figure 3.14, the lobules in the posterior
lobes, especially CRUS I and II, undergo much larger shape changes than lobules I–V
and corpus medullare.
Healthy #1 Healthy #2 Healthy #3 Healthy #4 Healthy #5
Figure 3.4: Cerebellar lobule shapes of five representative healthy controls. The top
row is the anterior view and the bottom row the posterior view.
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Healthy #1 Healthy #2 Healthy #3 Healthy #4 Healthy #5
Figure 3.5: Whole cerebellum shapes of five representative healthy controls (the same
five subjects as in Figure 3.4). The top row is the anterior view and the bottom row
is the posterior view.
SCA6 #1 SCA6 #2 SCA6 #3 SCA6 #4 SCA6 #5
Figure 3.6: Cerebellar lobule shapes of five representative SCA6 subjects. The top
row is the anterior view and the bottom row is the posterior view.
SCA6 #1 SCA6 #2 SCA6 #3 SCA6 #4 SCA6 #5
Figure 3.7: Whole cerebellum shapes of five representative SCA6 subjects (the same
five subjects as in Figure 3.6). The top row is the anterior view and the bottom row
the posterior view.
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3 𝜆1−3 𝜆1 𝑏1
Figure 3.8: The first mode of variation of the whole population. The top row is the
anterior view and the bottom row is the posterior view.
3 𝜆1−3 𝜆1 𝑏1
Figure 3.9: The first mode of variation of the whole population. The top row is the
anterior view and the bottom row is the posterior view.
3 𝜆2−3 𝜆2 𝑏2
Figure 3.10: The second mode of variation of the whole population. The top row is
the anterior view and the bottom row is the posterior view.
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3 𝜆2−3 𝜆2 𝑏2
Figure 3.11: The second mode of variation of the whole population. The top row is
the anterior view and the bottom row is the posterior view.
3 𝜆1−3 𝜆1 𝑏1
Figure 3.12: The first mode of variation of the healthy control group. The top row is
the anterior view and the bottom row is the posterior view.
3 𝜆1−3 𝜆1 𝑏1
Figure 3.13: Cerebellar shape variation along the first principal direction of healthy
control group. The top row is the anterior view and the bottom row is the posterior
view.
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3 𝜆1−3 𝜆1 𝑏1
Figure 3.14: The first mode of variation of SCA6 group. The top row is the anterior
view and the bottom row is the posterior view.
3 𝜆1−3 𝜆1 𝑏1
Figure 3.15: The first mode of variation of SCA6 group. The top row is the anterior
view and the bottom row is the posterior view.
3.5 Summary
In this chapter, we presented two highly informative cerebellar shape representations:
a landmark shape representation of the collection of cerebellar lobules and a level
set based whole cerebellum shape representation. Based on the two shape repre-
sentations, we studied the cerebellar shape variation of different populations. The
two shape representations yield similar and realistic shape variations for each group,
demonstrating the effectiveness of the shape representations. In Chapters 4 and 5, we
use the proposed cerebellar shape representations for disease classification, functional
score regression, and identifying disease or function specific atrophy patterns.
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Chapter 4
Disease classification and atrophy
pattern visualization
As mentioned in Section 1.1, it is of great interest to study the cerebellar atrophy
pattern associated with specific disease types and to correlate the structural change
with specific functional degeneration. In this chapter, we develop a classifier to classify
healthy and different disease types and to identify characteristic cerebellar atrophy
patterns associated with different cerebellar ataxia types based on the cerebellar shape
representations presented in Chapter 3.
The remainder of this chapter is organized as follows. In Section 4.1, we re-
view background on classification methods and dimension reduction techniques. In
Section 4.2, we design a diagnosis classifier to classify healthy controls and different
ataxia types. In Section 4.3, we present a method to visualize characteristic cerebellar
atrophy pattern associated with different cerebellar ataxia types. In Section 4.4, we
first test the diagnosis classifier using leave-one-out cross-validation with an extensive
comparison of different combinations of cerebellar structural representations, classi-
fiers, and dimension reduction techniques; then we study the characteristic cerebellar
atrophy pattern of four ataxia types and to previous findings in the literature.
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4.1 High-dimensional classification
Classification has many applications in various fields like computer vision, speech
recognition, disease classification, drug development, etc. Various classification meth-
ods have been developed and widely used in the last several decades. Supervised
classification learns from training data consisting of observations with known class a
decision rule that can predict the class of a new observation. An observation can be a
collection of variables represented as a feature vector. When the dimension of the in-
put feature vector is high, as in our case, it poses difficulties to classification methods.
Difficulties include unreliable parameter estimation for classification models and poor
generalization ability. In this section, we first present some background on popular
classification methods and the classifiers that we will use later in this chapter. We
then discuss the impact of high-dimensional input on classification, and finally we
discuss dimension reduction techniques to which can be used address the problem.
4.1.1 Classification
Linear classifiers
Linear classifiers, which base their classification on the linear combination of the
input variables, are among the earliest classification methods developed. A linear
classifier a classification decision based on the linear combination of the input vari-
ables. Popular linear classifiers include linear discriminant analysis (or Fisher’s lin-
ear discriminant) [71], logistic regression [194, 195], naive Bayes classifier [196], and
perceptrons [197]. Linear classifiers work well for many problems, reaching accuracy
levels comparable to non-linear classifiers while taking less time to train and use [198].
However, when the boundaries between classes are nonlinear, linear classifiers might
not work very well.
We use linear discriminant analysis (LDA) [71] as one of our classifiers to to classify
diseases and to identify disease specific atrophy patterns. LDA models conditional
density functions for different classes as Gaussian distributions with common covari-
ances and assigns the class of a new observation to the one maximizes the posterior
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probability.
Support vector machine (SVM)
SVM was first introduced in Boser et al. (1992) [199] and became popular because
of its success in handwritten digit recognition [200, 201]. Consider a two-class clas-
sification problem. SVM constructs a hyperplane in a high-dimensional space that
optimally separates the samples from two classes. When the two-class are linearly
separable, i.e., there exists at least one hyperplane with all of the samples from class
1 on one side of the hyperplane and all the samples from class 2 on the other side,
an optimal separation is defined as the hyperplane that produces the largest distance
to the nearest training samples of any class, called a margin, since in general the
larger margin means lower generalization error. The nearest training samples to the
hyperplane are called support vectors.
Soft Margin and kernel tricks were introduced in SVM to deal with data that
are not linearly separable. Soft Margin introduces non-negative “slack variables” that
measures the degree of misclassification, and the resulting hyperplane optimizes a
trade off between a large margin and a small error penalty of the misclassification [74].
The kernel trick [202] implicitly maps the input space to a higher dimensional space
where the data is linearly separable, thus creating nonlinear classification [199]. SVM
is very flexible since different kernel functions can be specified for the decision func-
tion. SVM is also effective with high-dimensional input. But if the input dimension
is much greater than the number of samples, the method is still likely to give poor
performance.
Decision trees
A decision tree classifies an observation by submitting it to a series of tests that deter-
mine the class. The tests are organized in a tree structure. The training samples are
used for choosing the tests in the decision tree. A decision tree is often constructed
from top to bottom, choosing the tests that best splits the set of samples first. The
best split is often measured by information gain. Pruning procedures are often neces-
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sary to avoid over-fitting problem of decision trees. The advantages of decision trees
are that they are simple to understand and interpret, relatively easy to construct,
and perform well on large datasets. One big disadvantage of decision trees is that
they can be sensitive to small variations in the data, which can be mitigated by using
decision trees within an ensemble.
Random forests, which we use as one of our classifiers, is an ensemble of decision
trees [149]. It builds a set of decision trees at training time and outputs the class
that is the mode of the classes output from the individual trees. Random forests
combines the “bagging” idea, wherein each decision tree is constructed by using a
random subset of the training data, with a random selection of features to build the
test at each tree node. Random forests largely correct the over-fitting problem of
single decision trees. It is one of the most accurate classification methods and it is
quite robust to redundant variables. It can run efficiently on large datasets and it can
provide a measure of the importance of each feature in forming the classifier, which
can be useful in feature selection.
4.1.2 The curse of dimensionality
It can be proved that any set of two-class samples in general position with the num-
ber of samples equal or less than the dimensionality of its feature space is linearly
separable [203]. The classifier learns the appearance of instances and exceptions that
are specific to the training data and do not generalize well to the new data. This
phenomenon is called over-fitting and is a direct result of the curse of dimensionality.
Various approaches have been proposed and successfully applied to avoid the over-
fitting that comes with high-dimensional input. On the data side, dimension reduc-
tion and feature selection methods have been applied. On the algorithm side, model
regularization (SVM), and bootstrap aggregating, or bagging (random forest) have
been applied. And the two types of approaches are often combined in analyzing
high-dimensional input data. Popular classification methods, like SVM and random
forests, incorporate regularization or bagging to best avoid over-fitting, but dimen-
sion reduction is still necessary when dealing with high-dimensional input. Choosing
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appropriate dimension reduction methods can improve the classification result.
4.1.3 Dimension reduction
Dimension reduction transforms the data in the high-dimensional space to a space
with fewer dimensions. Dimension reduction methods can be categorized into un-
supervised (not using class labels) and supervised (using class labels). One of the
most widely used unsupervised dimension reduction methods is principal component
analysis (PCA) [64, 204, 205]. It performs a linear mapping of the data to a lower-
dimensional space in such a way that the variance of the data in the low-dimensional
representation is maximized. Sparse coding [206–208], which finds the set of basis
in which the signal has a sparse representation, is another effective linear dimen-
sion reduction technique. Nonlinear dimension-reduction techniques include mani-
fold learning techniques such as kernel PCA [209, 210], Isomap [211], locally linear
embedding (LLE) [68], Hessian LLE [212], Laplacian eigenmaps [213], local tangent
space alignment (LTSA) [70] and neural network methods like autoencoders [214,215].
These techniques construct a low-dimensional data representation using a cost func-
tion that retains local properties of the data.
For supervised dimension reduction, Fisher linear discriminant (FDA) or linear
discriminant analysis (LDA) is widely used [71]. LDA tries to find a good linear
projection to the subspace so that samples from the same class are projected close to
each other and the projected means of different classes are as father apart as possible.
Nonlinear supervised dimension reduction methods include kernel methods [216,217],
neural network methods with class label as hidden layers.
Supervised methods can extract features that are more discriminating with re-
spect to the output class labels, thus has the potential to improve classification per-
formance. However, like classification algorithms, supervised methods suffer from
over-fitting with increasing input dimension and limited training samples. Therefore
unsupervised and supervised methods are often combined either as a two-step pro-
cess (often supervised learning after unsupervised) or into one model that is built to
serve both purposes [218–220]. Partial least squares (PLS) is such example. PLS is a
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supervised linear dimension reduction method [221] that tries to explain variance in
both the input data and output class labels. PLS is closely related to PCA. PCA finds
combinations of the predictors with large variance, while PLS finds combinations of
the predictors that have a large covariance with the response values. PLS therefore
combines information about the variances of both the predictors and the responses
while also considering the correlations among them.
4.2 Cerebellar ataxia classification
In this section, we build a multi-class classifier with cerebellar shape representation
as input and diagnosis (healthy or a specific cerebellar ataxia type) as output. The
classifier uses dimension reduction as a preprocessing step followed by a standard clas-
sifier. For dimension reduction, we explore two linear dimension reduction methods
PCA and PLS. There are three reasons for using linear methods. First, linear map-
pings are easy to compute. Second, linear mappings have very few parameters(often
only the number of target dimensions), and are therefore less prone to over-fitting
than nonlinear mappings. This is important since we are analyzing high-dimensional
shape representations with few training samples. Third, linear mappings can be in-
verted easily. Although the analysis is carried out in the dimension reduced space, we
can reconstruct and visualize the discriminant pattern in original high-dimensional
shape space.
For the classifier, we explore three classifiers—linear discriminant analysis (LDA),
support vector machine (SVM), and random forests. We use the shrunken centroids
regularized discriminant analysis (SCRDA) [222], a modified version of LDA. We
describe in detail principals of LDA and the modification, since it will be used in
both disease classification and disease specific pattern visualization in Section 4.3.
Let x denote the feature vector of a sample in the dimension-reduced space as-
sociated with a class label 𝑦 ∈ {0, 1, . . . , 𝐶}. LDA assumes that the conditional
probability density functions 𝑝(x|𝑦 = 𝑐), 𝑐 = 0, 1, . . . , 𝐶, are normally distributed
with common covariance Σ and different mean vectors 𝜇𝑐, 𝑐 = 0, 1, . . . , 𝐶. The class
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prediction problem is solved by maximizing the posterior probability, 𝑝(𝑦|x), that
the observation belongs to a particular class. In the case of two classes, the decision
criterion becomes a threshold on the dot product
𝜔 · x > ℎ, (4.1)
for some threshold constant ℎ, where
𝜔 = Σ−1 (𝜇1 − 𝜇2) . (4.2)
𝜔, called discriminant direction, is the direction that the data from two classes are
most separated when projected on a line in this direction.
Instead of using the sample covariance matrix estimation Σ̂ in the discriminant
function, Guo et al.(2007) [222] use a shrunken version of the sample covariance
matrix
Σ̃ = 𝛼Σ̂ + (1 − 𝛼) I𝑝, (4.3)
where I𝑝 is the 𝑝× 𝑝 identity matrix and 0 ≤ 𝛼 ≤ 1. By introducing a slightly biased
covariance matrix, it stabilizes the sample covariance estimates. It also stabilizes the
variance and reduces the bias of the discriminant function, leading to an improved
prediction accuracy [222].
4.3 Disease specific atrophy pattern visualization
Visualization of the anatomical shapes and shape differences between different di-
agnosis groups are key elements in the exploration of data and in formulating and
testing of hypotheses. In this section, we aim to visualize the characteristic cerebel-
lar atrophy patterns as they change from healthy to a particular ataxia type. We
consider the discriminant direction 𝜔 between the two classes—healthy control and
the ataxia type of interest—as computed in Section 4.2, since it represents a feature
direction that can best differentiate the two classes. The atrophy pattern is visualized
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as a series of synthetic shapes sampled along a line in the discriminant direction 𝜔.
Given the discriminant direction 𝜔 in the dimension-reduced space, the corre-
sponding direction in high-dimensional shape space can be computed as
w = V𝜔, (4.4)
where V = [v1,v2, . . . ,v𝑑] and v𝑖 is the 𝑖th component produced by PCA or PLS
dimension reduction. In order to be representative of the data, we select the line
trajectory in the direction w that passes through the point 𝜇, the mean of all subjects,
and we call it the discriminant line. The parametric representation of the discriminant
line s𝑙 can then be written as
s𝑙(𝑡) = 𝜇 + 𝑡w, 𝑡 ∈ R. (4.5)
To visualize the line trajectory, we sample five equidistant points s𝑙(𝑡0 + 𝑘∆𝑡), 𝑘 =
0, 1, . . . , 4 on the line, and reconstruct the cerebellar shapes from the points. Fig-
ure 4.1 shows an illustration of the discriminant line and sampled shapes in the first
two dimensions of the dimension-reduced space. The points are sampled so that first
and third ones are the projection of the HC mean, 𝜇𝐻𝐶 , and mean of the ataxia type
of interest, 𝜇𝐴𝑡𝑎𝑥𝑖𝑎, respectively. The shape corresponding to the 5th point s𝑙(𝑡0+4∆𝑡)
will depicting a conjectured subject with an extreme case of a particular ataxia type,




Table 4.1: Demographic information of the 123 subjects being studied. Key: 𝑁 num-
ber of subjects; m/f is the male/female ratio; Age is the mean age; SD is the standard
deviation of the age; healthy controls (HC); spinocerebellar ataxia type 2 (SCA2),
type 3 (SCA3), type 6 (SCA6) and type 8 (SCA8); ataxia-telangiectasia (AT).
𝑁 (m/f) Age (SD)
HC 65 (28/37) 50.7 (17.7)
SCA2 4 (3/1) 48.8 (8.8)
SCA3 7 (2/5) 51.7 (9.3)
SCA6 27 (7/20) 58.4 (9.3)
SCA8 2 (2/0) 43.5 (16.3)
AT 18 (12/6) 18.3 (6.2)
∙ RAVENS maps: RAVENS maps for cerebellar GM and WM. The cerebellar
GM/WM are obtained using FreeSurfer and the RAVENS maps are computed
using the DRAMMS software [223].
∙ Landmark: the cerebellar lobule landmark representation, as described in Sec-
tion 3.1.2.
∙ Level set: the level set representation of the whole cerebellum, as described in
Section 3.1.3, combined with the level set of the cerebellar WM.
The dimension reduction methods are PCA and PLS. The classifiers are SCRDA,
SVM, and random forests (RF).
Table 4.2 shows the leave-one-out classification success rate for each combination.
Leave-one-out classification success rate is computed as the number of correct di-
agnosis predictions divided by 𝑁 , the number of subjects used in the leave-one-out
experiment. Among all combinations, the combination of level set representation,
PCA and SCRDA obtains the highest success rate, 0.87. Regarding the cerebellar
structural representations, the RAVENS maps and the level set shape representation
gave the best classification performance. The RAVENS maps produces success rate
above 0.8 with any combination of dimension reduction and classification method;
the level set representation achieves high performance when using SCRDA as the
classifier. Overall, high-dimensional representations, e.g., the RAVENS maps and the
level set representation perform better than low-dimensional representation, i.e., ROI
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volumes, because of the rich structural information they encode. However, the lobule
landmark representation, which encodes the richest structural information, does not
perform well. This may due to the error and variance introduced in the many process-
ing steps (segmentation and correspondence finding) to compute the representation.
Regarding different dimension reduction methods, PCA is slightly better than PLS.
Regarding different classification methods, SCRDA performs the best.
Table 4.2: Leave-one-out classification successful rate.
PCA PLS
LDA SVM RF SCRDA SVM RF
ROI Volumes 0.797± 0.036 0.528± 0.045 0.724± 0.044 0.805± 0.036 0.528± 0.045 0.748± 0.039
RAVENS maps 0.829± 0.034 0.837± 0.033 0.821± 0.035 0.821± 0.035 0.821± 0.035 0.805± 0.036
Landmark 0.797± 0.036 0.772± 0.038 0.780± 0.037 0.813± 0.035 0.724± 0.040 0.764± 0.038
Level set 0.870± 0.030 0.830± 0.034 0.772± 0.038 0.854± 0.032 0.780± 0.037 0.748± 0.039
Table 4.3 is an example confusion matrix between the true diagnosis and pre-
dicted diagnosis produced by the classifier with the combination of lobule landmark
representation, PLS and SCRDA. We can see that the classifier predicts the majority
diagnosis groups (healthy, SCA6 and AT) well. The classifier did not predict SCA2,
SCA3, and SCA8 well, however. This may be due to the limited training samples that
are available for these classes. A major source of error is the mistake of classifying
ataxia types as healthy controls. This may because the cerebellum of patients with
a short disease duration has mild atrophy, and it is therefore difficult to distinguish
their cerebella from healthy subjects.
Table 4.3: Example confusion matrix.
True \Predicted Healthy SCA2 SCA3 SCA6 SCA8 AT
Healthy 63 0 0 2 0 0
SCA2 1 1 1 1 0 0
SCA3 4 0 3 0 0 0
SCA6 4 0 0 23 0 0
SCA8 0 0 0 0 0 2
AT 1 0 0 4 1 12
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4.4.2 Disease specific atrophy pattern visualization
In this section, we show the characteristic cerebellar atrophy patterns associated with
each cerebellar ataxia type. To do this we visualize the synthetic cerebellar lobule
shapes sampled along the discriminant line pointing from healthy control to the ataxia
type, as described in Section 4.3. Figures 4.2–4.5 show the atrophy patterns for SCA2,
SCA3, SCA6, and AT computed from the two shape representations. We can see that
noticeable cerebellar atrophy is observed for all ataxia types, but different ataxia types
have different patterns of shape changes. In the following paragraphs we discuss the
observed cerebellar atrophy pattern for the four ataxia types computed from the two
shape representations.
SCA2/landmark: SCA2 has the biggest atrophy in the corpus medullare among
the four ataxia types (see the shrinking corpus medullare in Figure 4.2), indicating
large white matter atrophy. There is substantial atrophy in the anterior and middle
lobes (see Lobules I–V in Figure 4.2 and Lobule CRUS I and II in Figure 4.4) while the
caudal lobes do not change as much (see Lobules VIII, IX, and X in Figure 4.2). These
observations agree with the observations in Jung et al. (2012) [103] that the volume
of corpus medullare, the anterior lobe, middle lobe of SCA2 patients were reduced
compared to controls while the caudal lobes are relatively preserved. The visualization
also suggests that although there is atrophy in many parts of the cerebellum the overall
size of the cerebellum does not change too much.
SCA2/levelset: In agreement with the observations made using the landmark
representation, SCA2 has the most white matter atrophy among the four ataxia
types (Figures 4.3 and 4.5). The primary and horizontal fissure become wider (Fig-
ure 4.5), indicating atrophies in anterior and middle lobes. Again the overall size of
the cerebellum does not change too much.
SCA3/landmark: SCA3 has the mildest overall cerebellar atrophy among the four
ataxia types, with no substantial change of the size. Evidence of lobule atrophy
in SCA3 is still apparent, however. There is noticeable atrophy in Lobule CRUS
I (Figure 4.4) and Lobule IX (Figure 4.2); but the degree of atrophy is much less than
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that in the other three types. SCA3 has larger corpus medullare atrophy than that
in SCA6 and AT, but not as large as that in SCA2. These observations agree with
the observations in Burk et al. (1996) [97] and Lukas et al. (2006) [105].
SCA3/levelset: In agreement with the observations made using the landmark
representation, SCA3 has the mildest whole cerebellum volume change among the
four ataxia types, with no substantial size change of the whole cerebellum. The
horizontal fissure becomes wider (Figure 4.5), indicating there is still atrophy in the
posterior lobes, but the atrophy is much less than the other three types.
SCA6/landmark: SCA6 has substantial atrophy in almost all parts of the cerebel-
lum and a decrease in the overall size of the cerebellum (Figures 4.2 and 4.4). SCA6
has less atrophy in corpus medullare than that of SCA2 and SCA3 (Figure 4.2). These
observations agree with the observations in Jung et al. (2012) [104] that in compari-
son to SCA2, SCA6 has larger atrophy in posterior-inferior regions of the cerebellum
but less atrophy in the corpus medullare. These results also agree with the voxel-
based morphometry study on SCA3 and SCA6 in Lukas et al. (2006) [105] in which
significant grey matter loss was found in SCA6 in hemispheric lobules bilaterally as
well as in the vermis, and white matter analysis revealed significant changes in SCA3
whereas no significant white matter reduction was found in SCA6 patients.
SCA6/levelset: As also observed in the results from the landmark representation,
there is substantial decrease in the overall size of the cerebellum (Figures 4.3 and
4.5). Again, SCA6 has less amount of cerebellar white matter atrophy than that of
SCA2 and SCA3 (Figures 4.3 and 4.5).
AT/landmark: AT has the most apparent whole cerebellum atrophy (Figures 4.2
and 4.4). The size of the cerebellum decreases rapidly when moving from healthy to
AT. All lobules shrink, especially the middle lobes (Figure 4.4). These observations
agree with the observations in Tavani et al. (2003) [100] that all parts of the cerebellar
hemispheres and vermis undergo moderate to severe atrophy in AT patients with ages
between 9 and 40, and the lateral part of cerebellar hemispheres has the most severe
atrophy.
AT/levelset: As also observed in the results from the landmark representation,
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AT has the most significant whole cerebellum atrophy (Figures 4.3 and 4.5). The
size of the cerebellum decreases rapidly when moving from healthy to AT along the
discriminant direction. All lobules shrink, especially the lateral parts of the cerebellar







































Figure 4.2: Cerebellar lobule shape changes from healthy controls to four different
ataxia types viewing from the front of the cerebellum. Each column shows in order one
of the five equidistant points sampled on the discriminant line, with the first column
being the projection of the HC mean and the third column being the projection of
the mean of a ataxia type.
4.5 Summary
In this chapter, we presented a cerebellar shape analysis pipeline to classify healthy
and different disease types and to identify characteristic cerebellar atrophy pattern
associated with different cerebellar ataxia types. A leave-one-out classification exper-
iment demonstrated the effectiveness of the proposed classification method. Charac-
teristic cerebellar atrophy pattern for different ataxia types were visualized by sam-
pling along the discriminant direction between healthy controls and the ataxia types.
The observed shape change patterns are consistent with known patterns of atrophy in
these ataxia types. It provides intuitive and visual understanding about the changes









































Figure 4.3: Cerebellar lobule shape changes from healthy controls to four different
ataxia types viewing from the front of the cerebellum. Each column shows in order one
of the five equidistant points sampled on the discriminant line, with the first column
being the projection of the HC mean and the third column being the projection of







































Figure 4.4: Cerebellar lobule shape changes from healthy controls to four different
ataxia types viewing from the back of the cerebellum. Each column shows in order one
of the five equidistant points sampled on the discriminant line, with the first column
being the projection of the HC mean and the third column being the projection of








































Figure 4.5: Cerebellar lobule shape changes from healthy controls to four different
ataxia types viewing from the back of the cerebellum. Each column shows in order one
of the five equidistant points sampled on the discriminant line, with the first column
being the projection of the HC mean and the third column being the projection of
the mean of a ataxia type.
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Chapter 5
Functional score regression and
atrophy pattern visualization
In the previous chapter, we developed classifiers for classifying ataxia types and stud-
ied the cerebellar atrophy patterns for different disease types. In this chapter, we
develop regressors to predict functional scores and to identify function specific atro-
phy patterns.
The remainder of the chapter is organized as follows. In Section 5.1, we present
background on regression methods. In Section 5.2 we build regressors to predict
functional scores. The regressors are tested in Section 5.4.1 using leave-one-out cross
validation with an extensive comparison of combinations using different cerebellar
structural representations, different classifiers, and dimension reduction techniques.
In Section 5.3, we present a method to visualize cerebellar atrophy pattern associated
with different functional scores. In Section 5.4.2, we study the cerebellar atrophy
pattern of representative scores related to motor and cognitive function.
5.1 Regression
Regression is the process of estimating the relationship between one or more depen-
dent variables and one or more independent variables, or predictor variables. The
relationship is often used to predict the dependent variables given new observations
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of predictor variables. Regression is a supervised learning technique. Classification
learns from training data a function that predicts categorical variable from input pre-
dictor variables, while regression learns a function that predicts continuous variables.
Next we briefly introduce the two regression techniques that we use in our approach:
ridge regression and random forest regression. Here we only discuss the case of one
dependent variable.
Ridge regression is one of the linear regression methods. A linear regression model
assumes that the dependent variable is a linear combination of the predictor variables
and a constant. Among the many estimation methods for linear regression model,
the least square estimator is the simplest and most widely used one. The least square
estimator, called ordinary least squares (OLS), minimizes the sum of squared residu-
als, and leads to a closed form solution for the linear coefficients. OLS is an unbiased
estimator but suffers from high variance. A bias-variance tradeoff can be made by
adding a penalty term in the least square objective function. When the penalty term
is the 𝑙2 norm of the regression coefficients, the resulting approach is called ridge
regression. Ridge regression reduces the variance of the estimate by introducing a
limited amount of bias and generally yields better predictions than the OLS solution.
Random forests can be used for regression by replacing the decision tree with a
regression tree and averaging the predictions from all of the regression trees [149].
A regression tree is similar to a decision tree except that the output variable takes
ordered values and often a regression model is fitted to each node to give the prediction
of the output variable. Like random forest classification, random forest regression is
accurate and robust. It can model complex nonlinear relationships between the input
feature vector and output variable and at the same time largely avoid over-fitting.
5.2 Functional score prediction
In this section, we build a regressor with a cerebellar shape representation as input
and a functional score as output. As in classification, linear dimension reduction
(PCA or PLS) is performed on the high-dimensional input feature vector. For the
65
regressor, we explore two methods: ridge regression and random forest regression.
We describe in detail the principals of ridge regression since it will be used in both
functional score prediction and function specific pattern visualization in Section 5.3.
Let x𝑖 ∈ ℛ𝑝×1 denote the feature vector of the 𝑖th training sample in the dimension-
reduced space associated with a functional score 𝑦𝑖 ∈ ℛ. In matrix form, X =
[x1,x2, . . . ,x𝑛]
𝑇 and y = [𝑦1, 𝑦2, . . . , 𝑦𝑛]𝑇 . Ridge regression finds the regression coef-
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where 𝜆 ≥ 0 is the weight of the penalty term, often empirically determined.
When the intercept term is included in the regression, the intercept estimate ends
up just being 𝜇𝑦. Often X and y are centered before regression and then the intercept
term can be ignored.
The geometric interpretation of regression coefficients is that vector 𝛽 ∈ ℛ𝑝×1 is
a direction in 𝑝-dimensional space that when the input observations x are projected
to this direction, i.e. 𝛽𝑇x, they have the biggest correlation with output variable 𝑦.
We call 𝛽 the regression direction.
The functional score of a new observation x, centered, can then be predicted as
𝑦(x) = 𝛽𝑇x + 𝜇𝑦.
5.3 Function specific atrophy pattern visualization
In this section, we aim to visualize the characteristic cerebellar atrophy patterns as
a functional score changes from normal to increasing disability. We consider the
regression direction 𝛽 of the functional score, as computed in Section 5.2, since it
represents the direction in feature space that correlates most with the functional
score. As in Section 4.3, we visualize the atrophy pattern of a functional score as a
series of synthetic shapes sampled along a line in the discriminant direction 𝛽.
Given the regression direction 𝛽 in the dimension-reduced space, the correspond-
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ing direction in high-dimensional shape space can be computed as
b = V𝛽, (5.2)
where V = [v1,v2, . . . ,v𝑑] and v𝑖 is the 𝑖th component produced by PLS dimension
reduction. In order to be representative of the data, we select the line trajectory in
the direction b that passes through the point 𝜇, the mean of all subjects, and we call
it the regression line. The parametric representation of the regression line s𝑙 can then
be written as
s𝑙(𝑡) = 𝜇 + 𝑡b, 𝑡 ∈ R. (5.3)
To visualize the line trajectory, we sample five equidistant points s𝑙(𝑡0 + 𝑘∆𝑡), 𝑘 =
0, 1, . . . , 4 on the line, and reconstruct the cerebellar shapes from the points. The
points are sampled so that the first and fifth points predict (by regression function
𝑦) the lowest and highest functional score in the training data.
5.4 Results
5.4.1 Functional score prediction
In this experiment, we tested the proposed method on predicting functional stag-
ing score for ataxia (FSFA). FSFA is a subset of the unified ataxia disorders rating
scale [224]. FSFA rates a subject from 0 to 6, where a higher FSFA value indicates
more functional losses. 122 subjects with FSFA scores were used for the study. The
122 subjects include 30 healthy controls and 92 patients with different types of cere-
bellar ataxia. See Table 5.1 for the number and demographic information for the
healthy controls and patients. A leave-one-out experiment was used to evaluate the
regression performance, where each of the 122 subjects was used as a test subject while
the remaining 121 were used to learn the linear mapping for dimension reduction and
train the regressor.
We compared the combinations of different cerebellar structure representations,
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Table 5.1: Demographic information of the 122 subjects used in the study. Key: 𝑁
number of subjects; m/f is the male/female ratio; Age is the mean age; SD is the
standard deviation of the age.
𝑁 (m/f) Age (SD)
Healthy 30 (14/16) 56.3 (14.2)
Patients 92 (45/47) 51.2 (16.3)
dimension reduction methods, and regression methods. The cerebellar structure rep-
resentations are the same four representations used in Section 4.4.1: ROI volumes,
GM+WM RAVENS maps, lobule landmark representation and CB+WM level set
representation. The dimension reduction methods are PCA and PLS. The regression
methods are ridge regression (RR) and random forest regressor (RF).
Table 5.2 shows the leave-one-out root mean square prediction error (RMSE)
for each combination. Comparing different structural representations, the RAVENS
map has the best performance. Unlike in classification, ROI volumes have compat-
ible performance as high-dimensional representations. Again, the lobule landmark
representation, which encodes the richest structural information, does not perform
well. This may be due to the errors introduced in the many processing steps (seg-
mentation and correspondence finding) to compute the representation. Regarding
different dimension reduction methods, PCA is slightly better than PLS. Regarding
different regression methods, random forest regression has better performance than
ridge regression. Figure 5.1 shows the predicted FSFA verses the true FSFA from
all the test subjects in the leave-one-out experiment (combination of landmark shape
representation, PCA and ridge regression).
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Table 5.2: FSFA root mean square prediction error (RMSE) of the leave-one-out
experiments.
PCA PLS
RR RF RR RF
ROI Volumes 1.22 1.27 1.34 1.24
RAVENS maps 1.21 1.15 1.23 1.14
Landmark 1.26 1.25 1.63 1.28
Level set 1.26 1.24 1.34 1.24
Figure 5.1: Predicted FSFA vs. true FSFA in the leave-one-out experiment for the
combination of landmark shape representation, PCA dimension reduction and ridge
regression.
5.4.2 Function specific atrophy pattern visualization
In this section, we use the cerebellar lobule landmark presentation and show the
cerebellar atrophy patterns associated with a specific functional score. We visualize
the synthetic cerebellum lobule shapes sampled along the regression line computed
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from the regression analysis of the functional score, as described in Section 5.3. We
chose 65 subjects with all functional scores evaluated. The 65 subjects include 18
healthy controls and 37 patients with different types of cerebellar ataxia. See Table 5.3
for the number and demographic information for the healthy controls and patients.
Table 5.3: Demographic information of the 65 subjects used in the study. Key: 𝑁
number of subjects; m/f is the male/female ratio; Age is the mean age; SD is the
standard deviation of the age.
𝑁 (m/f) Age (SD)
Healthy 18 (7/11) 53.9 (14.9)
Patients 37 (19/28) 53.6 (12.8)
Figures 5.2 and 5.3 show the atrophy pattern for FSFA and the Hooper test
scores, respectively. As introduced in Section 5.4.1, FSFA is a rating score quantifying
motor function. The Hooper test evaluates the individual’s ability to organize visual
stimuli [225], thus focusing more on the cognitive function. We can see that there
is substantial global atrophy and overall size change of the cerebellum as the FSFA
moves from normal to disease. For the Hooper test score, there is no apparent size
change of the cerebellum as the score moves from normal to disease. There is almost
no shape changes in lobules I–V and lobules VI. CRUS I and CRUS II have the most
atrophy. This partially agrees with Imamizu et al. (2003) [15] that “anterior lobe and
intermediate parts of posterior lobe are related to motor and somatosensory functions,
whereas lateral posterior cerebellum is related to cognitive functions”.
FSFAHealthy Disease
Figure 5.2: Cerebellar atrophy pattern associated with FSFA score.
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HooperHealthy Disease
Figure 5.3: Cerebellar atrophy pattern associated with Hooper test score.
5.5 Summary
In this chapter, we presented cerebellar shape analysis method to predict functional
scores and visualize the cerebellar atrophy pattern associated a functional score. A
leave-one-out experiment demonstrated the effectiveness of the proposed regression
method. We visualized cerebellar atrophy patterns associated with two functional
scores: FSFA and the Hooper test score. The observed atrophy patterns partially
agree with a previous study on the topological organization of functions in the cere-
bellum. It provides intuitive and visual understanding about the changes of overall




Conclusion and future work
This thesis focus on shape analysis of the cerebellum in cerebellar ataxia, with special
focus on: 1) developing automated and accurate method for segmenting fine anatom-
ical divisions of the cerebellum; 2) exploring highly informative representation of the
cerebellar structures; 3) predicting ataxia types and functional decline based on the
highly informative representations; and 4) identifying disease and function specific
cerebellar atrophy patterns. In this chapter, we summarize the contributions and
propose directions for future research.
6.1 Cerebellar Lobule Segmentation
In Chapter 2, we proposed an automated method for segmenting cerebellar lobules
from MR images. The proposed method combines multi-atlas label fusion result
and tissue/boundary classification in a graph cut segmentation framework. The
multi-atlas component ensures the correct localization of different lobules, and tis-
sue/boundary classification promotes accurate delineation of lobule boundaries.
6.1.1 Results
∙ The proposed method was assessed on a cohort of 15 subjects, including both
healthy controls and patients with various degrees of cerebellar atrophy, for
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which expert manual labels are also available. The Wilcoxon two-sided signed
rank test on the 15 subjects indicated that the proposed method improved the
segmentation results over the other two state-of-the-art segmentation methods
significantly in terms of average area weighted Dice similarity coefficients, with a
p-value of 1.2×10−4 when compared with ACCLAIM and 3.3×10−3 when com-
pared with NL-STAPLE. The improvements are most substantial on subjects
with moderate to large cerebellar atrophy.
∙ The method was further validated on a larger cohort containing both normal
controls and patients experiencing cerebellar ataxia. Quantitative analysis of
the lobule volumes show distinct patterns of volume changes associated with
different SCA subtypes; the result is consistent with previous findings in which
cerebellar lobules were manually labeled by experts.
6.1.2 Future directions
∙ There is a bias towards smooth boundaries in the graph cuts segmentation
framework; this is undesirable for segmenting anatomical structures with com-
plex boundaries. There have been works on eliminating this bias in graph cuts
segmentation, which can be incorporated in the algorithm to improve the seg-
mentation accuracy.
∙ The result of the algorithm depends (moderately) on the atlases used in the
multi-atlas labeling and tissue / boundary training process, which might bias
the segmentation result towards the majority diagnosis of the atlases. Some data
driven atlas selection methods could be incorporated to improve the accuracy.
6.2 Cerebellar shape representations
In Chapter 3, we proposed two shape representations to characterize cerebellar struc-
tures. First, we proposed a landmark shape representation of the collection of cere-
bellar lobules. It is constructed by extracting dense homologous landmarks on the
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boundary surfaces of cerebellar sub-structures. We addressed the difficulty in es-
tablishing dense corresponding points on multiple 3D objects across subjects by a
two-step non-rigid point set registration. The second representation we proposed is a
level set based whole cerebellar shape representation. This representation is relatively
easy to compute and thus less prone to algorithm errors.
6.2.1 Results
∙ We demonstrated the representational power of the two shape representation
by studying the cerebellar shape variations of specific groups of subjects. The
principal shape modes computed by the two representations are consistent with
each other. However, the cerebellar lobule landmark representation provides
much more details on individual structures within the cerebellum.
∙ In Chapters 4 and 5, we compared the proposed shape representations with ex-
isting cerebellar structure representations like ROI volumes and RAVENS maps
in disease classification and functional score prediction. Overall, the level set
shape representation performed better or comparable to other representations
while the landmark representation performed worse in most cases. This may due
to the error and variance introduced in the many processing steps (segmentation
and correspondence finding) to compute the representation.
∙ In Chapters 4 and 5, we visualized the disease/function specific cerebellar at-
rophy patterns using the two representations. Again they provided consistent
results, and the cerebellar lobule landmark representation was able to provide
more details on individual structures.
6.2.2 Future directions
The bad performance of lobule landmark representation in disease / function pre-
diction results indicates that the landmark generation process, mainly the two-step
non-rigid point set registration, introduces errors or unintended shape variations.
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The correspondence finding process could be improved, for example, by imposing
constraints and regularization on the non-rigid point set registration.
6.3 Disease classification and atrophy pattern visu-
alization
In Chapter 4, we presented a shape analysis pipeline to classify healthy control and
different ataxia types, and to visualize the characteristic cerebellar atrophy patterns
for different ataxia types. Linear dimension reduction is first applied to reduce the
data dimension. The classifier is built in a dimension-reduced space to predict disease
types. The characteristic atrophy pattern for each ataxia type was visualized by
sampling along the discriminant direction between healthy controls and the ataxia
type.
6.3.1 Results
∙ Experimental results show that the proposed method can successfully classify
healthy controls and different ataxia types. Different combinations of cerebel-
lar structure representations, dimension reduction, and classification methods
were compared. Among all combinations, the combination of level set repre-
sentation, PCA and SCRDA obtains the highest success rate, 0.87. Regarding
the cerebellar structural representations, the RAVENS maps and the level set
shape representation achieve the best classification performance. The RAVENS
maps obtains success rate above 0.80 with any combination of dimension reduc-
tion and classification method; the level set representation obtains success rate
above 0.85 when using SCRDA as the classifier. Regarding different dimension
reduction methods, PCA is slightly better than PLS. Regarding different classi-
fication methods, a regularized modification of linear discriminant analysis gave
the best performance.
∙ We visualized cerebellar atrophy patterns associated with two functional scores:
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FSFA and the Hooper test score. The visualized cerebellar atrophy patterns
were consistent with the regional volume decreases observed in previous studies
in cerebellar ataxia. Compared to existing analysis method, the proposed shape
analysis pipeline provides an intuitive and detailed visualization of differences
of the overall size and shape of the cerebellum, as well as that of individual
lobules.
6.3.2 Future directions
∙ Although the current linear dimension reduction and discriminant analysis pro-
duce satisfying results, other dimension reduction and discriminant analysis
methods like sparse representation, manifold learning and deep neural networks
could be explored, but with careful handling of the high-dimensionality of the
data.
6.4 Functional score regression and atrophy pattern
visualization
In Chapter 5, we presented a shape analysis pipeline to predict functional scores, and
to visualize the function specific atrophy patterns. As in discriminant analysis, linear
dimension reduction was applied to generate the low-dimensional feature vector that
are both representative of the input data and correlates with output functional scores.
The regressor is built in the dimension-reduced space to predict functional scores.
Functional specific atrophy pattern is visualized by sampling along the regression
line.
∙ We demonstrated the effectiveness of the regression on predicting one of the
functional scores—functional staging score for ataxia (FSFA). We compared
the combinations of different cerebellar structure representations, different di-
mension reduction, and regression methods. Regarding the cerebellar structural
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representations, the RAVENS maps gave the best prediction performance. Re-
garding different dimension reduction methods, PCA is slightly better than
PLS. Regarding different regression methods, random forest regression has bet-
ter performance than ridge regression.
∙ The visualized function specific cerebellar atrophy patterns partially agrees with
a previous study on the topological organization of cerebellar functions. Com-
pared to existing analysis method, the proposed method provides an intuitive
and detailed visualization of changes of overall size and shape of the cerebel-
lum, as well as that of individual lobules, associated with the degeneration of a
specific function.
6.4.1 Future directions
∙ As pointed out in Section 6.3, nonlinear dimension reduction and regression
methods like manifold learning and deep neural networks could be explored,
but with careful handling of the high-dimensionality of the data.
∙ Since ataxia patients often have functional loss in different aspects, the different
functional scores are correlated. Future work include decorrelating the effects
of different functional scores, and identifying more specific atrophy patterns for
a functional score.
∙ Function specific pattern might vary with other variables like disease type, age,
gender. With enough samples, these variables should be included in the regres-
sion analysis.
6.5 Overall perspective
The main goal of the work presented in this thesis was to contribute to the morpho-
metric analysis of the cerebellum, where currently relatively limited works have been
done compared to the study of the cerebrum. This work contributes in many ways
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from the ROI segmentation and shape representations to shape based prediction and
visualization methods. It is hoped that this research has provided new tools and
insights in the morphometric analysis of the cerebellum, and will help to promote
future developments in the general fields of brain image analysis.
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